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UX0O’s only inform the clearing team that a piece of metal is present, rather than the type 
of metal, either UXO, shrapnel, or garbage. A lot of time and money is spent digging up 
every piece of metal detected. This thesis presents the use of artificial neural networks to 
determine the type of UXO that is detected. A multi-layered feed-forward neural network 
using the back propagation training algorithm was developed using the language Lisp. 
The network was trained to recognize five pieces of ammunition. Results from the 
research show that four out of five pieces of ammunition from the test set were identified 
with an accuracy of .99 out of 1.0. The network also correctly identified that a tin can 
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I. INTRODUCTION 


A. GOALS 


The goal of this thesis is to determine if an artificial neural network is capable of 
identifying unexploded ordnance. The intent is to develop an artificial neural network to 
correctly identify a limited set of unexploded ordnance. A successful neural network will 
aid in the clearing of United States military bases by identifying those detection’s that are 
unexploded ordnance and should be excavated by expert EOD personnel, from those that 


are not unexploded ordnance and can be removed by less trained personnel. 


B. BACKGROUND AND MOTIVATION 


As the military continues to scale down, the job of turning the land over to the 
civilian sector is a labor intensive process. One of the biggest problems is the clearing of 
unexploded ordnance (UXO) from the bases. It is a time consuming and expensive job to 
dig up every piece of metal that returns a signal on the detection device. The metal 
detected could be an actual round or fragments from exploded rounds as well as junk that 
may be in the area. 

The Department of Defense has recently approved two organizational structures 
to confront the challenge of UXO remediation and wide-area de-mining. The objective of 
the first committee is to develop a fully coordinated requirements driven research and 
development program for countermine, de-mining, site remediation, range clearance, and 
explosive ordnance disposal. Within the first committee there is a specific group focused 
on detection technology. The second committee will focus on current technologies and 
ways to improve in the future. One of the phases will examine current UXO remediation, 
active range UXO clearance and explosive ordnance disposal efforts. So as you can see 
the UXO problem is real and getting a lot of attention in today’s military. 

At the Naval Postgraduate School a team has been put together to develop an 


autonomous vehicle or robot, which will survey the area for UXO’s. The autonomous 


vehicle, called Shepherd, is well under way. Shepherd is a four wheel independent 
steering, autonomous vehicle. The four wheel independent steering allows Shepherd a 
high level of mobility. The vehicle needs the means to locate and classify various 
unexploded ordnance via standard sensors, such as a magnetometer. This is the basis of 


my thesis. 


c. RESEARCH QUESTIONS 


This thesis will examine the following research areas: 

e Are artificial neural networks able to correctly identify, within a certain degree 
of precision, various types of unexploded ordnance both surface laid and 
buried? 

e What type of neural network architecture is best for the job? 

e What is the training set to be used in the training of the neural network? 


e With what precision are the objects correctly identified? 


D. ORGANIZATION 


Chapter II provides a general overview of traditional and current techniques for 
identifying unexploded ordnance and gives an introduction to the artificial neuron, types 
of neural networks and training methods. Chapter III covers the process of choosing a 
network architecture and an in depth discussion of the feed-forward and back-propagation 
algorithm used for the neural network. Chapter IV presents my artificial neural network 
design for the UXO project as well as what ammunition was used and how the data was 
gathered. In Chapter V the results of testing the neural network are presented, and 


Chapter VI summarizes the thesis. 


Il. BACKGROUND 


A. INTRODUCTION 


The old saying that “time is money” holds true for the clearing of unexploded 
ordnance. The methods used to accomplish range remediation, both in the past and 
recent, are time consuming. It takes time to dig up every piece of metal that returns a 
signal. This time costs the government a lot of money. If we can identify objects that are 
ordnance from objects that are not, such as tin can or shrapnel, we can remove objects 
safely. To EOD personnel, every piece of unexploded ordnance on the ground is 
potentially deadly and great caution is taken to avoid injury. Being able to determine 
unexploded ordnance from junk can save lives as well as time and money. 

In this thesis the term unexploded ordnance refers to projectiles, either tube 
launched or rocket assisted, bombs dropped from aircraft, and thrown ammunition, such 
as hand grenades. Excluded from this list are land mines. Land mines present a whole 
different challenge to range clearing efforts. In this chapter the techniques used to clear 
unexploded ordnance are addressed. Then, the fundamental of artificial neural networks 
will be introduced in order to provide the reader with the background necessary to make 


the research more understandable. 


B. UNEXPLODED ORDANCE IDENTIFICATION 


1. Traditional Methods 


The traditional method of clearing unexploded ordnance consists of personnel 
using some type of metal detector to detect the general location of ordnance and then 
marking the spot with a flag. The next step is digging up the ordnance and removing it 
from the site. As you can tell, a lot of unnecessary metal is dug up and a lot of time is 
wasted. This method is both dangerous and expensive. However, for many years it was 


the only method available. With the massive number of acres of land from closed bases 


needing cleared and an ever decreasing defense budget, new methods of UXO removal 


must be developed. 


De Existing Methods 


The devices for detecting unexploded ordnance have improved over the years. 
For the most part however, the methods for clearing UXO’s have not. Many government 
contractors are still using the traditional method explained above. The most common 
technique used to deter the cost of sweeping an entire base is some form of sampling. 
Areas to be cleared are assigned grid zone designators. The size of a grid may vary 
depending on the terrain, but a 100 x 100 foot grid is a good starting place. This grid is 
then broken down into sub-grids or lanes that are randomly chosen for sweeping with a 
magnetometer. Any detection’s are flagged for removal. The metal removed is classified 
as either a UXO, shrapnel, or trash. A determination on whether to clear an area is made 
based upon, among other things, the concentration of UXO classified objects in the sub- 
grid or lane. 

Some of the other factors taken into account are the history of the area, what will 
the land be used for, and location of the land. The history of a grid must be investigated 
before one can be chosen. The history looks at the type of rounds fired into the area, 
where the rounds were fired from, and where they were to impact, as well as a margin of 
error based on the capabilities of the round. The capabilities of the rounds also include 
the penetrating depth of the round. This way the clearing team knows up to what depth to 
clear. What the land will be used for also determines the clearing depth. Construction in 
the area may only penetrate to a certain depth, therefore clearance beyond that depth is 
wasting time and money. The location of the land also plays an important role. If the 
land is in a residential area, the number of sub-grids or lanes sampled may be greater than 
that of a remote area with thick brush that will not be used for anything in the near future. 

Recent statistical computer models have aided in the grid zone technique by 


allowing the clearing team to randomly sample the detection’s within a sub-grid or lane. 


The models compute concentration of UXO’s based on a formula and the data from the 
random samples. A computer aided tool know as the Ordnance and Explosives 
Knowledge Base (OE-KB) is being developed by the U.S. Army Engineer Center in order 
to build a knowledge base on the characteristics of detection’s [Ref. 1]. Some of these 
characteristics include the sensor used, the type of round, the depth, the angle, and the 
type of soil. Detection readings are fed into the database in order to attempt to determine 
the type and depth of the ammunition. OE-KB uses sophisticated mathematical 
algorithms, computerized pattern-recognition, and data fusion (the combination and 
comparison of data-sets from two or more different types of geophysical instruments) to 
help differentiate between munitions and non-munitions and estimate depth of burial 
(Ref. 1]. 

The most common type of metal detector used is the magnetometer. A 
magnetometer was used to gather the input data for the neural network in this thesis. The 
GA-72Cd Magnetic Locator, made by Schonstedt Instruments Company, detects the 
magnetic field of iron and steel objects [Ref. 2]. The magnetometer has an audio and 
digital output, and a polarity indicator to help pinpoint the target and even determine it’s 
orientation. Test have shown that magnetometers detect ferrous munitions and are 
effective to depths of 2 or 3 meters [Ref. 1]. 

In a paper published by Matthew Gifford and John E. Foley for Sanford Cohen 
and Associates Inc., a neural network is used to identify the weight and depth of the UXO 
[Ref. 3]. A dig team recorded data obtained from a Geonics EM-61 pulsed induction 
sensor. This information was then fed into a multi-layered feed-forward neural network 
to determine the weight and depth of the object. The network used back-propagation to 
train on 107 items and then was tested on 40. The outcome was a 77% detection rate 
with a cost savings of 74% over the Amag and flag technique. This study seems to prove 
that the use of a neural network to classify and reduce UXO remediation is a valid option. 
The problem with this research is that any piece of metal that has a similar mass as an 


UXO and is at the appropriate depth will be dug up. 


ve Artificial Neural Network Approach 


An artificial neural network is good for pattern recognition and classification 
problems. With the use of a magnetometer, UXO’s produce a signal that varies across a 
grid. The grid can be fed into a neural network. This pattern of signals can be classified 
by the neural network as a type of UXO that the network has been trained to recognize. 
That is the goal of this thesis. Given a grid of inputs, say 60 X 60 cm, take these values 
returned by the magnetometer and train a network to recognize certain patterns that relate 
to several types of UXO’s. If successful, the artificial neural network will be able to 
identify UXO’s that need to be removed versus returns from a magnetometer that could 
just be scrap metal. This would save a lot of time and money. To understand how an 
artificial neural network can accomplish this mission, the following section will give an 


overview of how an artificial neural network works. 


e. ARTIFICIAL NEURAL NETWORKS 


What are artificial neural networks and why are they used? Artificial neural 
networks are an attempt to make computers use the same reasoning as humans. 
Computers use the Von Neumann architecture that is very efficient for number crunching. 
Computers greatly out perform humans in this area and hence, their popularity. When it 
comes to perceptual problems, humans are way out in front of computers. Table 2.1 
points out some of the key differences between computers and the human brain. Why use 
an artificial neural network? Neural networks are a good solution to a problem that is not 
well defined. If the input data may vary for the same problem, then a neural network is 
much more forgiving than a traditional algorithm. A neural network also promotes the 
ability to use parallel processing. From a purely scientific stand point, one reason to use 
a neural network is an attempt to model the human decision making process. The key to 


human success lies in the biological neuron. 
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Table 2.1: Von Neumann computer versus biological neural system [Ref. 4]. 


1. The Biological Neuron 


A neuron is a cell that processes information in humans. Figure 2.1 shows a 
picture of a neuron and all of its components. The neuron is made up of a cell body 
(soma), branch like Figures called dendrites and an axon which also protrudes from the 
soma. The dendrites are the receivers of signals from other neurons while the axon is the 
transmitter of signals to other neurons. The synapses are between the dendrites of one 


neuron and the axon of another neuron. The synapses release neurotransmitters that, 


depending on their type, can excite or inhibit the signal. The synapses are the key to 
learning in the neuron. They can be adjusted based on their experience. 

In order to understand the magnitude and complexity of the neurons in a human, 
the cerebral cortex is examined. The cerebral cortex is about 2 to 3 millimeters thick with 
a surface area of about 2,200 cm’, about twice the size of a standard computer keyboard 
(Ref. 4]. The cerebral cortex contains about 10'' neurons, which is approximately the 
number of stars in the Milky Way [Ref. 4]. Each neuron is connected to approximately 
10° other neurons and the human brain contains roughly 10’ to 10” interconnections 
[Ref. 4]. 

The neuron operates at a speed of a few milliseconds. From the time it takes a 
human to recognize an object, it has been determined that the perceptual decisions cannot 
take more than 100 or so serial steps [Ref. 4]. Therefore, the brain must run parallel 
processes that are about 100 steps long for such a task. In the same research it was shown 
that only a very small amount of information was transferred in this time. Therefore it is 
believed that critical information is not transmitted directly, but captured and distributed 
in the interconnections [Ref. 4]. As you will see, this is the basic idea behind the 


artificial neural network. 
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Figure 2.1: A biological neuron. 


2. The Artificial Neuron 


The artificial neuron attempts to model the biological neuron using a computer. 
Figure 2.2 shows the layout of an artificial neuron. There are three basic components: 

e The synapse is modeled by a weight associated with that connection to the 
neuron and an input signal from the previous neuron or source. Here, the 
weight and the input signal are multiplied to provide an input value for that 
connection. The key to a successful neural network lies in the value of the 
weights associated with each neuron. Chapter IV will discuss how the back- 
propagation algorithm assigns these weights. 

e The dendrite provides the input from the synapse to the soma. This is the 
connection leading into the neuron. Here the artificial neuron has an adder 
which computes the summation of the weighted inputs from all the synapses. 

e The soma is modeled by an activation function for limiting the amplitude of 
the output signal from the neuron. The activation function is a nonlinear 
function. Four typical types of activation functions are the threshold, 
piecewise linear, sigmoid and Gaussian functions shown in Figure 2.3. The 
threshold function is an on-off type of function. This means the neuron will 
only fire at the vertical on the graph. The piecewise linear function displays a 
little better firing distribution. Sigmoid functions, such as the /ogistics 
function, are the most widely used activation functions. They exhibit a strictly 
increasing function that provides the desired asymptotic properties [Ref. 4]. 
By inspection, it is easy to see that the Gaussian function is increasing the 
intensity with the higher negative weights and decreasing intensity with the 


higher positive weights. The output range of the neuron 1s a closed interval 


ett: 





Figure 2.2: McCulloch-Pitts model of a neuron [Ref. 4]. 
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Figure 2.3: Activation Functions. 


A neuron can be described in mathematical terms by the following equation: 


P 
Yk = of we) 
j=l 


Where @ is the activation function, w;,, 1s the specific weights associated with that neuron 
and x; is the signal input for that neuron. The value y, is the value that is produced by 
that particular neuron which should be between 0.0 and 1.0. This value is the passed on 
to other neurons as the new input and the process starts all over again. This is the basic 


idea of how a neural network is formed. 


3. Artificial Neural Networks 


The way in which one combines neurons to produce an answer to a problem is 
called an artificial neural network. The number of input values determines the number of 
input neurons. There are several ways you can connect the next layer, or hidden layer, 


neurons to the input layer neurons. Several layers of neurons can be used. The number 
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of output neurons depends on the number of possible outcomes for a particular problem. 
The trick becomes knowing how many neurons to have in the hidden layer and the 
number of hidden layers to have in a network. 

The way a neural network solves a problem can be traced to the idea of linear 
separability. Figure 2.4 shows the graph of an AND function and the line that is drawn 
by the neural network [Ref. 5]. The correct answer has been separated out from the 
wrong answers by the network. Notice that everything above the line will exhibit 
characteristics of the correct answer. The equation of a line is Ax + By + C =0. This 
equation can be translated into the following equation from the AND neural network: 

MWit 2Wit B=0 
where x, and x, are the input signals 1 and 0, and w, and w, are the weights associated 
with these neurons. B is a bias that is thrown in to help separate the problem. 

When a problem is linearly inseparable, then multiple layers are needed to 
separate out the answer with multiple lines. Figure 2.6 shows the Exclusive-OR problem. 
Notice that two lines are needed to separate out the answer in this problem. The first 
hidden layer separates out the two correct answers. In this case, the output layer 
combines the correct outputs and separates true from false with a single line. By adding 
more layers the correct responses become more defined. However, it 1s argued that any 
problem can be solved with a three layer network [Ref. 6]. 

A three layer network is defined by the input layer, consisting of the input values, 
the hidden layer, consisting of neurons that separate the problem, and an output layer, 
consisting of neurons that produce the desired answers. The desired answer is defined by 
the training set. Let’s say your neural network is designed for character recognition. The 
number of possible outputs is 26, one for each letter in the alphabet. Therefore, your 
output layer will have 26 neurons, each providing a value for the character that it 
represents. This value should be high for the neuron associated with the correct input and 


low for the rest of the neurons. For example, if the character “C’ is given, it should 


I] 


produce a high output (close to 1.0) for output C, and a very low output (close to 0.0) for 
the other 25 outputs. 





Figure 2.5: The figure on the left shows how the hidden layer separates the inputs. The figure on the 
right shows how the output layer makes the problem linear separable [Ref. 5]. 
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4. Learning 


There are three types of learning paradigms when it comes to neural networks: 

e Supervised learning separates the training from the environment. The network 
must be taught to recognize the inputs for which it has been designed to 
produce an output. This is accomplished by developing a training set of 
samples of the environment for which the network is to perform. The network 


is then trained in an iterative process, via a training algorithm, until the 
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appropriate response is produced to the entire training set. The appropriate 
response 1s defined by the designer as an acceptable level of error. The means 
in which to reach the acceptable error is known as the steepest descent 
problem. Chapter III will go into great detail on the steepest descent problem. 
Once the designer is satisfied, the training algorithm is removed from the 
network. Now the network is tested on the environment. The network is now 
unsupervised and working on its own with an embedded knowledge from the 
training algorithm. 

Unsupervised learning is the exact opposite of supervised learning. There is 
no teacher. The network finds correlations between patterns in the input data 
and groups those correlations into categories. By comparing new input data to 
previous ones, the network can categorize the data and produce an answer. 
Reinforcement learning has no teacher to give direction to the answer. It must 
probe the environment to gain knowledge of the direction to travel in order to 


obtain the correct answer. 


There are four learning rules that span the above learning paradigms: 


Error-correction rules basically perform as stated above in the supervised 
learning paradigm example. The weights in the network are adjusted in 
accordance with an output error. The desired output is subtracted from the 
actual output and this value is called the error for that run through the neural 
network. All of the weights are adjusted to decrease this error by a 
predetermined value each time through the network. Mathematically speaking 
Ck = dk — Ak, Awy = B* e*i, Wik = Wik + Awyk 

given k = neuron, w = weight, 1 = input value, B = predetermined step value, 
e = error, d = the desired value, and a = the actual value. 

Boltzmann learning applies to Boltzmann machines in which the neurons 
operate in a binary manner, +1 for the on state and -1 for the off state [Ref. 4]. 


The neurons are further divided into visible neurons, which interact with the 
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environment, and hidden neurons which do not. The machine itself operates 
in two modes: clamped, in which the visible neurons are set in there current 
states determined by the environment, and free, in which both the visible and 
hidden neurons are allowed to operate freely. The objective of Boltzmann 
learning is to adjust the connection weights so that the states of the visible 
units satisfy a particular probability. Weight changes are denoted by 

Aw = B( pik ~ pit) 
where f is the learning rate, and pjx, pjx are the correlation’s between the states 
of units } and k when the network operates in the clamped and free mode, 
respectively [Ref. 4]. 
Hebbian rule is base on the fact that if two neurons are activated 
synchronously then the weight is strengthened. If the two neurons are 
activated asynchronously then the weight 1s weakened. 

Aw = B* oj * ox, Wik = Wik + Awyx 

where wj,, is the weight from neuron j to neuron k, o is the output of the 
neuron, and f is the learning rate. This learning rule is highly dependent on a 
recurring structure which will be discussed later. 
Competitive learning systems group the input data into categories. Based on 
the input, the correct group is stimulated and only those units fire. This is 
known as the winner-takes-all method. The output of the winner is set to 1 
and all other nodes are set to 0. Only the weights of those that fire are 
updated. The good weight values from the input vectors of the winner are 
distributed equally over the entire set of input weights associated with the 


winning neuron. 


> wir = 1, AWjk = 0 
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fe — Wik) 
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Where w;,, is the weight, j is the neuron the weight is coming from, k is the 
neuron, x, is the input value, and B is the learning rate. This has the overall 


effect of moving the weight vector of the winning neuron toward x [Ref. 7]. 


5. Network Architecture 


There are many types of neural network architectures. Figure 2.6 provides a 
layout of how they are broken down. The recurrent networks are ones in which learning 
is based on associative memory. The loops that occur in the network act as a state that 
the network enters based on the input. Recurrent networks are dynamics systems. Each 
neuron is dependent on it’s previous output due to the feedback nature of the network. In 
this manner they are also able to store information. The feed-forward networks contain 
no loops. They have no memory. This means that the value produced does not rely on 
previous inputs. The learning is supervised because it is based on the training set. Feed- 
forward networks are static in the sense that once they have been trained, they produce 
one set of output values for one set of input values. I will briefly discuss the types of 
networks presented in Figure 2.6 that have not already been discussed in the learning 


section. 


Neural Networks 
Feed-forward networks Recurrent/feedback networks 


Single-layer Multi-layer Radial Basis Competitive Kohonen’s Hopfield Art 
Perceptron Perceptron Networks Networks SOM Network Models 


Figure: 2.6: A taxonomy of feed-forward and recurrent/feedback networks [Ref. 4]. 





This thesis concentrates on the feed-forward type of neural networks. The most 
widely used type of feed-forward network is the multi-layered feed-forward neural 


network. The performance of this network is exactly as the name implies. The input 
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signals are fed into the network and multiplied by the weights assigned to the signal. The 
weighted sum of each neuron is then fed to an activation function which produces the 
output value of the neuron. These values are then fed to the next layer and the process is 
repeated until there are no more layers. The neuron in the output layer with the greatest 
value represents the pattern that was fed into the network. The whole key to this network 
are the values of the weights. The algorithm used to adjust the weights is the back- 
propagation algorithm. 

The radial basis functions (RBF) networks are a special form of the multi-layered 
feed-forward network with two layers, a hidden layer and an output layer. The hidden 
layer is a nonlinear mapping from the input values to the hidden layer. A nonlinear radial 
basis function is used as an activation function in the hidden layer. A linear combination 
of RBFs is used to convert the hidden layer to the linear output layer. The RBF has the 
following property: 

F(x) = wig(\|x— xl) 
where { 9 (||x - x]) | 1 = 1, 2,......N} 1s a set of N arbitrary (generally nonlinear) RBF 
functions and |] . || denotes a norm that is usually taken to be Euclidean [Ref. 7]. 

RBF networks are used for function approximation, pattern classification, 
prediction and control problems. 

The Kohonen’s Self Organizing Map (SOM) artificial neural network models the 
fact that in the biological neural network environment tends to strengthen connections 
that are close in physical proximity. The SOM model uses a two dimensional output grid 
of neurons that are connected to their neighbors. All of the inputs are connected to each 
neuron in the 2-dimensional grid. Figure 2.7 shows the set-up of a Kohonen SOM. The 
sum of each set of input weights from any input node total one. As the inputs are fed to 
the network, the neuron with the maximum sum of the weight values wins. This neuron’s 
weight values are updated as are the weights of the neurons that are a neighbor of the 


winning neuron. The weight values of the input nodes are then normalized again. The 
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weights will eventually spread out and the neighborhoods will become sensitive to certain 
input patterns. 
Kohonen’s SOM has been successfully applied in the areas of speech recognition, 


image processing, robotics, and process control [Ref. 4]. 





Figure 2.7: Kohonen self organizing map [Ref. 8]. 

Adaptive resonance theory models (ART) are able to continually accept new 
patterns until some threshold is met, namely the number of output nodes. ART models 
use the competitive learning rule so they are fully connected, both forward and backward, 
networks that start out with none of the output neurons producing any pattern. As inputs 
are fed to the network, output nodes are assigned to the new input. The input is first 
compared against the stored patterns and the closest match is selected for further 
comparison against a vigilance. A vigilance is a predetermined value between 0 and 1. 
The closer to one the closer the match must be, the closer to zero the weaker the match is 
allowed to be. The two patterns are compared by computing the dot product of the 
patterns and dividing by the number of ones in the input pattern. If the ratio 1s greater 
than the vigilance then the pattern is considered similar and the stored pattern is updated. 
If the ratio is not greater than the vigilance and there is a free output node, it is assigned 
to the new pattern. If there is no free output node then nothing is changed. 

One of the main problems with this model is that noisy input could create more 
than one node that represents the same input. ART models are used for categorization 


problems. 


D. SUMMARY 


The clearing of military bases is an inherently dangerous and costly mission. The 
traditional method of digging up every piece of metal that returns a signal from the metal 
detector needs to be replaced with a more efficient method. Artificial neural networks 
possibly present a cost efficient method of dealing with UXO’s. At the center of all 
neural networks is the model of the biological neuron. There are many types of neural 
network architectures that use various types of learning rules to solve a variety of 
problems. Networks use supervised (use a teacher), unsupervised (learn on there own) or 
reinforcement learning (a hybrid of the two). They are either associative (have memory) 
Or non-associative (no memory). Neural networks are used to solve problems such as 
pattern classification, categorization, function approximation, prediction, and data 
analysis. In range remediation there are three problems: detection, localization, and 
classification. The problem of determining what type of ammunition is on the ground is a 
classification problem. A multi-layered (three layer) feed-forward neural network with 
supervised learning (back-propagation) for pattern classification was chosen for this 
thesis. The next chapter will present the process by which the neural network design for 


UXO detection was chosen as well as the details of the network design. 
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Ill. ARTIFICIAL NEURAL NETWORK DESIGN 


A. CHOOSING A NETWORK DESIGN 


Once the decision has been made to use a neural network to solve a problem, the 
next step becomes choosing an architecture to fit the needs of the problem. There are 
several types of neural networks for every type of problem. Table 3.1 shows a few of the 
types of neural networks and what types of problems they solve. Paradigm, learning rule, 
architecture, and learning algorithm were all discussed to some extent in Chapter II. The 
goal of this thesis is to determine the type of ammunition presented to a neural network as 
recorded from a magnetometer. This is a classification problem, so the focus will be on 
what type of classification neural network will best suit the needs of the UXO project. 


There are several factors to take into account. 


1. Design Factors 


a. Speed of Execution 


As in all real time systems, speed is at the top of the priority list. Speed of 
execution refers to the time it takes a neural network to determine what kind of object the 
input data represents. This is not to be confused with the rate at which a neural network 
learns. Learning rate is the time it takes a network to be trained to recognize a set of 
inputs. Learning rate will be discussed later. The more connections there are the slower 
the network will operate. All of the associative memory networks require connections to 
previous nodes in order to store the information on a pattern. This will slow the 
performance of the network. A strictly feed-forward network will limit the number of 
connections needed to accomplish the mission. In order for this project to perform 
correctly, the neural network more than likely will be implemented in hardware. A 


hardware implementation can speed up the execution speed by as much as 1000 times. 
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b. Generalization 


Generalization refers to the type of input. If the input is the same as the 
input that the network was trained on, then generalization is not that important. But, if 
the input is something the network has not seen before, then the ability of the network to 
generalize will make or break the system. In order to ensure the former case, the network 
would have to be trained on an exhaustive list of possibilities. This is usually not 
possible. The latter case may lead to the network failing when an unknown is introduced. 
If your network is designed to generalize, it may try to give an answer for something it 
really should not recognize. As long as it is a low percent of probability there should not 


be a problem. 


C. Scalability 


Some systems are able to add new patterns without any rewriting of code. 
But, there is a finite number of patterns that can be added to any network. The more 
patterns that are programmed in to a network, the more connections there are and the 
slower the network will run. A designer must determine if the set of possibilities are 


relatively small or infinite in size. 


d. Learning Speed 


Learning speed are a major area of concern in any neural network 
architecture. It can take several iterations for a training algorithm to converge on the 
optimal solution. Sometimes it may even take several restarts to get to the optimal 
solution without becoming stuck in a local minimum. A network that takes a longer time 
to train will more than likely come up with a better optimal solution than a fast training 
algorithm. As long as training time does not interfere with the execution time, learning 
speed should be a matter of quality not quantity. Chapter II covered some of the types of 
algorithms that determine the speed with which a network will learn. Different 


architectures use different training algorithms. 
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é. Number of Layers 


This is a topic of great interest for any designer of a network. What is the 
magic number of layers and neurons per layer? Trial and error seems to be the best 
solution. There are however, a few guidelines for determining these parameters. The 
number of layers in a network seems to vary according to the problem at hand. Figure 
3.1 shows the ability of different numbers of layers to solve different levels of complex 
problems. When dealing with the number of neurons in a layer, one method is having 
more than three times as many nodes in the second layer as in the first layer [Ref. 8]. 

Figure 3.1 gives the definition of a three layer network as one with three 
layers of neurons. Some books present the two layer network from Figure 3.1 as a three 
layer network because the input values are counted as a layer. While the input layer does 
not perform any computation, it is still considered a layer. This thesis refers to the two 
layer network in Figure 3.1 as a three layer network. In general there is a clear advantage 
to using a single hidden layer of non-linear neurons between the input and output layers, 
but having more than two hidden layers in a system with non-linearity does not increase 
their computational power [Ref. 9]. It 1s said that a three layer network can solve any 
problem [Ref. 10]. 
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Three layer 


Figure 3.1: A geometric interpretation of the role of hidden units in a two-dimensional space [Ref. 4] 
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if Connectivity 


A fully connected network produces a lot of overhead and may cause the 
system to slow down. Networks that are not fully connected are feature extraction 
networks. Feature extraction may be necessary with a large input set. The number of 
connections and time to produce an answer, may be so great with a fully connected 


system that feature extraction may be necessary. Defining features and how they tie in 


can be acomplex problem. A fully connected model is easier to follow. 
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Table 3.1: A layout of different types of architectures and the task they perform [Ref. 4]. 


Le 


a Choosing an Architecture 


Of the classifiers, perceptron, multi-layer feed-forward, Hopfield, SOFM, ART, 
Boltzmann, and Hebbian, the multi-layer feed-forward neural network provides the best 
architecture for the UXO problem. The perceptron is limited in the number of decision 
regions it is able to separate to one. Boltzmann and Hopfield rely on binary input and are 
constantly training. Continuous data will be used for the UXO problem. SOFM, ART, 
and Hebbian networks rely on associative memory which will slow the network down 
when considering the number of nodes that are needed for this problem. 

The multi-layered feed-forward network has a fast execution time because 
training has already been completed and it is not an associative memory network. This 
means the network only has to feed-forward while making a decision and not backward 
as well. A fully connected multi-layered network will produce more overhead than a 
feature extraction network, but still less than an associative memory network. This type 
of network is able to generalize quite well. The multiple number of layers allows the 
network to separate complex decision regions as shown in Figure 3.1. Once the network 
is established, one must create a new network in order to expand the output set or 
combine two networks. Both methods will require retraining. The back-propagation 
algorithm is slow in convergence, but once the network is trained, the algorithm is 


removed. 


B. MULTI-LAYERED FEED-FORWARD NETWORK 


The multi-layered feed-forward neural network has been chosen as _ the 
architecture for this thesis. It can be shown that a three layer network consisting of an 
input layer, one hidden layer, and an output layer, can represent any function provided 
there are a sufficient number of neurons in the hidden layer [Ref. 10]. For this reason, 
without any other information on how to start a neural network, the three layer network is 
kind of the standard. Therefore, a three layer network has been chosen in order to cut 


down on the total number of neurons and for it’s simplicity. 
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The input layer of the network is fully connected to the hidden layer. This means 
that for each neuron in the hidden layer, there is a weight that is associated with a 
corresponding neuron in the input layer. The input layer in this network serves as only an 
input node. The values from each input neuron are passed on to all of the neurons in the 
hidden layer. Figure 3.2 illustrates how the values are passed to the hidden layer. 

The hidden layer is where the first computations take place. Each neuron in the 
hidden layer takes the weighted sum of all of the values from the input layer. Each 
neuron then runs the weighted sum through a non-linear activation function in order to 
get the output value for each neuron in the hidden layer. The activation function to be 
used is the logistics function which will be discussed more in the next section. Now the 


process starts all over again. This time the input is the output from the hidden layer. 


Input Values Hidden Layer Neurons Output Layer Neuron 





Figure 3.2: Multi-layered feed-forward neural network. 


The output layer receives the output values of the hidden layer as its input values. 
The number of nodes in the output layer corresponds to the number of different elements 
in the training set. For example, if your net is set up to classify 5 different items, then 
there are five neurons in the output layer. Referring to Figure 3.2, the same process starts 
all over again. The weighted summation of the input values multiplied by the weights are 
fed through the activation function. The highest value of the output layer neurons is the 
answer for the particular input data fed to the network. Notice that each neuron in the 


output layer has the same number of weights associated with it as the number of neurons 
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in the hidden layer. How these weights are derived is the topic of the next section. 
Figure 3.3 shows how the input values are fed forward through a feed-forward network. 

The following is an outline of the feed-forward process in a three layer neural 

network: 

e Calculate the weighted sum for the hidden layer. The weighted sum simply 
takes the input values of all of the nodes connected to a neuron and multiplies 
those values by there associated weights. The resulting values are then 
summed. 

weighted _sum, = > input _value * weight, 
Where 1 is the neuron in the hidden layer and k is the input neuron. 
H, = (.98 * 1) + (.65 * 2) +(.50 * 1) =2.78 
H, = (98 * 2) + (6.65 * 2) + (50 * 3) = 4.76 
B= (98 * 1)+ (65 * 1)+(50* 1) =2.13 





Figure 3.3: Feed-forward network 
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Calculate the output value. The output value for the neuron is the weighted 
sum fed through an activation function. The logistic function will be used in 
this network. 
output _ value; = logistic_ function(weighted_ sum.) 
Where 1 1s the neuron 1n the hidden layer. 
H, = 1/(1 +e”) = .94 
H, = 1/(1 + e*”*) = .99 
H, = 1/ (1 +e”) = .89 
Calculate the weighted sum for the output layer. This is the same as for the 
hidden layer. The input value is know the output value of the hidden layer 
weighted sum, = Y nput_ value, * weight, 
=I 
Where 1 1s the neuron in the output layer and k is the hidden layer neuron. 
O, = 94 * -1) + (.99* ly+ (89 * 2) = -1.83 
O, = (.94 * 1) + 99 * -1) + 0.89 * -2) = 1.83 
Calculate the output value. Use the same process as the hidden layer. 
output value, = logistic_ function(weighted_sum,) 
Where 1 1s the neuron in the hidden layer. 
O, = 1/(1 +e") = .86 
O, = 1/(1 + e'**) = .14 


The output values .86 and .14 are the actual outputs for the network. In this case 


the desired output was 1 and 0. The next step is to adjust the weights 1n order to reach the 


desired output. This process is accomplished through the back-propagation algorithm. 
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Co BACK-PROPAGATION ALGORITHM 


Training an artificial neural network deals with optimizing the weights associated 
with each individual neuron in order to produce the desired results. In a truly feed- 
forward network, each neuron contributes to the overall error produced by the output 
neurons. The error is produced by having the wrong weight values. It is impossible to 
guess the correct value of each weight in the network. A method must be established to 
choose these weight as to produce the correct output. The back-propagation algorithm is 
one way of solving this problem. 

The development of the back-propagation algorithm has made the multi-layer 
neural network the most popular of the artificial neural networks. The back-propagation 
algorithm seems to have been developed simultaneously by Rumelhart, Hinton, and 
Williams in 1986, Parker in 1986, and LeCun in 1985 [Ref. 7]. The algorithm is rather 
straight forward. If a designer has no idea what the weights for his network should be, 
which is almost always the case, he can start with random weights and let the back- 
propagation algorithm determine what the values should be. An optimal value for all of 
the weights is hard to achieve, but determining the values within an acceptable level of 
error is usually achievable. Based on an acceptable level of error, the back-propagation 
algorithm adjust the weights until the level of error is within a given tolerance. Zero 
tolerance on error 1s an unrealistic goal, rather a small percentage of acceptable error is 
used. 

The whole key to the algorithm is based on the gradient descent problem 
illustrated in Figure 3.4. Adjusting weights must be done a little at a time in order to get 
the best possible answer. The step toward the optimal solution 1s called the learning rate. 
If too large of steps are taken, the training algorithm may jump back and forth on the 
bowl and never reach an optimal solution. A very small step down the side of the bowl 
will translate into a significant change in the x value. Figure 3.4 illustrates the change in 
the value of x and how it will effect the ability of the net to reach the global minimum, 


also known as the optimal solution. There are also local minimums that can be reached if 


2/ 


the step is too small. This means that the “optimal” values for the weights will not 
produce the optimal solution. The way to get around falling into this trap is to choose a 
small step in exchange for a long training period, or use trial and error by retraining the 


network until you are satisfied with the results. Either way is time consuming. 


Aggregate 
Error 


Initial weight 
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New Vector 


Ideal weight 


weight vector 
vector 





Figure 3.4: A pictorial representation of the gradient descent problem. 


Another method often employed when training a network is to use a momentum 
variable. The idea behind the momentum variable is to take big steps with the gain 
variable and then the momentum variable is applied in order to further fine-tune the 
network towards the optimal value for the weights. This method creates the effect of 


speeding towards the optimal solution and then putting on the brakes and gradually 
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slowing down. The whole idea is to stop as close to the optimal solution without going 


beyond the optimal solution and heading back up the other side of the bowl in Figure 3.4. 


The multi-layered feed-forward neural network shown in Figure 3.3 will be used 


to demonstrate how the back-propagation algorithm was employed in this thesis. The 


back-propagation algorithm is outlined as follows using a three layer feed-forward 


network: 


Calculate the output error for each neuron in the output layer. After the inputs 
have been fed through the network and the output layer produces an answer 
for each neuron in the output layer, the answer is compared to the expected 
output answer. 

Output Error = Expected - Actual 

Output Error O, = 1 - .86 = .14 

Output Error O, = 0 -.14=-.14 
Calculate the total error for each element in the training set. The total output 
error is calculated by summing the absolute values of each node in the output 


layer. This is the total error for that element in the training set. 
TotalOutputError = 2 | OutErr, 
j= 


Where i is the number of neurons in the output layer. 

Total Output Error = |.14{ + |-.14 
Calculate the total error for the training set. This variable will be updated as 
every element in the training set is feed through the network. 

Total Error = Total Error + Total Output Error 
Calculate the incoming error for the middle layer. The amount of error the 
middle layer contributes to the output error is a two step process. First one 
must notice that each node in the middle layer contributes an error to all of the 
nodes in the output layer. With this in mind, the error at each output node 


must be multiplied by the weight associated with the node in the middle layer. 


Zo 


These values are then summed to produce the incoming error for that 


particular node in the middle layer. 

IncomErr = > (Outputtrror * weight, ) 

j k=l 

Where j and k are which output node. 

Incoming Error H, = ((.14 * -1) + (-.14 * 1)) =-.28 

Incoming Error H, = ((.14 * 1) + ¢.14 * -1)) = .28 

Incoming Error H, = ((.14 * 2) + (-.14 * -2)) =-.56 
This 1s the method used for dealing with propagating the output layer error 
back in this thesis. Another method used is to figure the derivative of the 
output layer error in order to propagate the actual error back. The above 
method used in this thesis allows for a faster training period. 
Calculate final error for each middle layer node. Calculating the final error 
takes into account that an activation function was used to produce the error 
value being propagated back. Therefore the values from the calculate 
incoming error step must be fed back through the activation function. This 1s 
achieved by calculating the derivative of the activation function. This is why 
a non-linear function is used as the activation function. An activation function 
with a smooth non-linear transition works the best. The logistic function is 
used due to the ease of calculating the derivative. 

Final_ Error = Incomming_ Error * Derivative_of _activation_ function 
For the logistics function, the derivative is the value at the middle layer node 
multiplied by one minus the value at the middle layer node. See Figure 3.5. 

Final Error H, = -.28 * .94(1 - .94) =-.0158 

Final Error H, = .28 * .99(1 - .99) = .0028 

Final Error H, = .56 * .89(1 - .89) = .0548 
Calculate weight change for each output layer weight. At this stage in the 


algorithm the learning rate must be taken into account. Since the amount of 
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error is now known, how far to move towards the optimal solution without 
stepping over that solution must be determined. That is the function of the 
learning rate. A large learning rate may miss the optimal solution, however a 
small learning rate will take longer to train. 


AWeight, = £2 * OutputError, * InputValues, 


Where j is the weight to be adjusted, 1 is the error at the output node, k is the 


value from the middle layer node and f is the learning rate. 


AO,W, = .2 * .14* .94 = .0263 
AO,W, = .2 * .14 * .99 = .0277 
AO, W, =.2 * .14 * .89 = .0249 





Figure 3.5: Back-propagation 


Bi 


Change weights for each output layer weight. Here all that is need is to add 
the weight change calculated in the above step to the current weight value. 

W, =-1 + .0263 = -.9737 

W, = 1+ .0277 = 1.0277 

W, =2 + .0249 = 2.0249 
Calculate weight change for middle layer weights. This step follows the same 
equations as the output layer. 

AWeight , = B* OutputError, * InputValues, 

AH, W, =.2 * -.0158 * .98 = -.0031 

AH, W, = .2 * -.0158 * .65 =-.0021 

AH, W; =.2 * -.0158 * .50 = -.0016 
Change weights for each middle layer weight. 

W, = 1+-.0031 = -.9969 

W, = 2 + -.0021 = 1.0079 

W, =2 + -.0016 = .9984 
Repeat process for each element in the training set. Every element in the 
training set must be fed through and the weights adjusted once for each 
element. Then in the next step, the sum of the errors for each element in the 
training set is compared against the acceptable level of error. If the error is 
not in tolerance, the whole process is repeated. This prevents the training of 
each element in the training set to the acceptable level of error one at a time. 
The results of that method would be adjusting the weights for the first element 
then the next and finally the last one. However this would lead to the net 
being training only for the last element in the training set and not the other 
elements. Figure 3.6 shows the results of the above calculations for one side 


of the network. 


o2 


output 
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Figure 3.6: Adjusted weights 


e Repeat the entire process until Total Error is at an acceptable level. This 
thesis uses the method of totaling up the errors and comparing them to an 
acceptable level of error. Other methods include the least mean square and 
standard deviation. Whatever the method, the goal is to determine the 
stopping point of the training process. 

That was just one iteration of the back-propagation algorithm. Usually many 
iterations are needed in order to reach the acceptable level of error imposed by the 
designer. Choosing a large learning rate can also lead to jumping back an forth across the 
bowl as described in Figure 3.4. If the network did not get stuck in a local minimum, it 
now contains an acceptable solution for the given training data that 1s within the chosen 
acceptable level of error. Training a network is usually very computationally expensive. 


The actual ammunition neural network is described in the next chapter. 


315. 





IV. AMMUNITION NETWORK 


A. INTRODUCTION 


The intent of this chapter is to explain in detail the entire process of setting up the 
ammunition network. There are a significant number of tasks that need to take place 
before an artificial neural network can be implemented. First, the training set must be 
chosen. The training set is the set of objects that the neural network is to identify. Data 
preparation is probably the most important phase. The accuracy of the network is based 
upon the training data that is presented to it. So much relies on the data that it is 
important to recognize if this part fails the whole experiment fails. And last, but not least, 


the network must be implemented. 


B. AMMUNITION TYPES 


The ammunition used for this thesis was chosen based upon commonly found 
types in impact areas and availability. A U.S. Army ordnance officer, CPT Paul 
Arcangeli, was consulted for the training set and the items were chosen based on their 
availability at a local ordnance unit. The training set was limited to five common rounds 
due to the amount of time necessary to record the data, and that this should demonstrate a 
proof of concept. The following is a list of the types of ammunition used. 

e 60mm mortar round (Figure 4.1) 

e 81mm mortar round (Figure 4.2) 

e 105mm artillery round (Figure 4.3) 

e 105mm high explosive anti-tank round (Figure 4.4) 

e 3.5 inch rocket (Figure 4.5) 


The training set is made up of two distinct sets of the above ammunition and is 
displayed in Figures 4.6 and 4.7. The test set was derived from separate readings of the 


second set of ammunition. 


2) 





Figure 4.2: 81mm mortar. 





Figure 4.3: 105mm artillery round. 


36 





Figure 4.4: 105mm HEAT round. 











Figure 4.6: Training set 1. 


By 





Figure 4.7: Training set 2. 


C: DATA PREPARATION 


1. Magnetometer 


As was stated in Chapter I, the magnetometer is the sensor that was used in this 
thesis. The GA-72Cd Magnetic Locator has an analog audio signal and a digital display 
of the signal. The display shows the strength of the signal and the polarity of the signal. 
The magnetometer measures the difference in signal strength between two sensors located 
in the shaft of the magnetometer. One sensor is placed towards the bottom of the shaft 
and the other is towards the top of the shaft. The digital readout of the signal is a three 
digit number ranging from -36.0 to 36.0. The orientation of a piece of metal might be 
determined by the polarity of the signal. The polarity is indicated by the positive or 
negative reading. A 175mm projectile can be detected up to five feet in the ground. 
There are four sensitivity levels on the magnetometer [Ref. 2]. Sensitivity level 2 was 
used for the data collection. The sensitivity level ranges from | to 4, with level 4 being 
the most sensitive. 

Placement of the magnetometer in reference to the round played an important roll. 
The strength of the signal varies with the distance from the bottom of the magnetometer 
to the round. For this reason, the distance from the magnetometer to the round was varied 


in the two training sets. As will be discussed in the conclusions, this fact will lead to a 
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very large training set when depths and orientations are taken into account. In order to 
limit the size of future training sets some assumptions must be made. The orientation of 
the round will need to be determined based on the centroid of the round and the polarity 
at each end. If this can be determined then the data can be oriented based off a known 
orientation. It is hoped that there is an automatic technique that will bring the data of a 
buried round to the reference point of surface laid. After these two problems are solved 


the next step is to account for possible angles of the round. 


Die Data Collection 


The readings were taken at the Naval Postgraduate School Beach in Monterey, 
California. Therefore, the terrain was sand. The zero reading for the magnetometer was a 
+.08. A 3lcm x 35cm grid was used to record the data. Each grid square was 2cm x 
2cm. This grid square setup produced 1085 readings per piece of ammunition. The data 
was recorded on site and entered into an input file for later use with the neural network. 

An important part of the data collection was a wooden frame on which the 
magnetometer was mounted (Figure 4.8). The frame allow for the magnetometer to be 
moved with two degrees of freedom along the x and y axis of the gtid square. The 
placement of the round in the frame was very important for the neural network to be able 
to recognize a round it had seen before. The following list will specify the positions of 


each round. 


e 60mm mortar - Top - 35.5cm from left edge of grid,12.5cm from top edge of 
grid . Bottom - 35.5cm from left and 20 cm from bottom. Highest point on 


round - 4 cm from bottom of magnetometer. 


e 8]mm mortar - Top - 35.5cm from left, 7¢m from top. Bottom - 35.5cm from 


left, Scm from bottom. Highest point - 2.5cm. 


e 105mm heat round - Top - 36.5 cm from left, 5cm from top. Bottom - 36.5cm 


from left, 4cm from bottom. Highest point - 2.5cm. 


By 


¢ 105mm artillery round - Top 37cm from left, 14.5cm from top. Bottom - 
36cm from left, 12.1cm from bottom. Highest point - 2.5cm. 


e 3-5in rocket - Top - 36.5cm from left, 5cm from top. Bottom - 36.5cm from 
left, 12cm from bottom. Highest point - 2.5cm. 


The above measurements apply to the second training set and the test set. The 
positions of the first trainmg set were centered in the frame. This will allow for a 
variation in the overall training set and allow the network a different look at the same 
type of round. The readings are different for the two training sets due to the precision of 
the placement. As will be discussed in the conclusions, this gives an indication of the 


number of possibilities of training sets. 





Figure 4.8: Wooden frame and magnetometer. 


D. LISP IMPLEMENTATION OF NETWORK 


Lisp was chosen as the prototyping language for the neural network due to the 
ease of list manipulation of each input and weight pairs. If the input and the weights are 
viewed as a list, Lisp will allow for easy manipulation. An object oriented approach was 
taken to the implementation of the multi-layered feed-forward neural network. Having 


no idea of the number of layers or number of neurons in each layer that is needed to get 
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the best solution, the object oriented approach allows for new instantiations of neurons 
and layers if the design were to change. Unfortunately, with a relatively large input size, 
this could lead to a substantial overhead. The neural network is made up of neuron 
objects, layer objects and a network object. 

Objects in Lisp are instantiations of classes. Classes contain slot values which 
store the values that belong to the object. Slot values are the equivalent to data members 
in C++. Methods are the functions that are allowed to interact with the slot values. They 
are equivalent to member functions in C++. The following classes will be explained in 
terms of slot values and methods. The back-propagation.lisp file is in Appendix D and 
contains the algorithm for training the network. Appendix E contains the user interface 
functions for creating the objects, building the input data and saving the weights 
associated with the network. For further explanation of the code, see the appendices. 


The comments should serve as a guide as to what is happening. 


1. Neuron Class 


The neuron object contains the slot values output-value and a weight-value. The 
code is in Appendix A. Methods include the initialization-neuron and neuron-activation. 
The slot values weight-value and output-value are accessed by there respective accessor 
names weight-vector and output-vector. 

(defclass neuron () 
((weight-value :accessor weight-vector 


:initarg :weight-value 
bellicicanaua et)! 


(output-value :accessor output-vector 
sinitarg -outpueevalue 
-Inirecorn (1) ))) 





The initialize-neuron method takes as parameters, a neuron object, an imput- 
length, and a weight-vector. If a weight list is not passed to the initialization method, 
random weights are created via make-random-weights function. In order to determine 


how many random weights to create, make-random-weights is passed input-length. A 
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random variable seed is also passed to make-random-weights. If a weight list is sent to 


initialize-neuron then weight-vector is set to that list. 


(defmethod initialize-neuron ((my-neuron neuron) 
input-length weight-vectorl1) 
(if (mull wes#oeht-veerorl]) 


(setf(weight-vector my-neuron) 
(make randemiwelghts 1 neti = lence 2.0).) 
(setf£(weight-vector my-neuron) weight-vector1]1) ) ) 





The neuron-activation method calls my-summation which returns the summation 
of the input data multiplied by the weight vector for that neuron. This value is fed to the 
activation function by the call to the sigmoid function. The value returned from the 
sigmoid function is stored in the output-value slot of the neuron. 

(defmethod neuron-activation ((my-neuron neuron) layer-input) 

(setf (output-vector my-neuron) 


(list (sigmoid (my-summation (weight-vector my-neuron) 
layer-input))))) 





2 Layer Class 


The layer object is a subclass of the neuron class. The code is in Appendix B. It 
inherits all of the properties of the neuron class plus a list of the neurons that are in that 
layer, called node-value, an input-value slot containing the data input values, and a 
number slot corresponding to the number of neurons in the list. Node-list, input-vector, 
and number-value are the accessor names for node-values, input-value, and number 


respectively. 


(defclass layer (neuron) 
((node-value :accessor node-list 
:initarg :node-value 
:initform' ((make-instance 'neuron) )) 
(input-value :accessor input-vector 
eitrerarg -laput-value 


[nie bemm  ).% 

(number :accessor number-value 
:ingitawg :number 
TlH LOrm a) ) 
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Layer class has four methods: initialize-layer, initialize-node-list, activate-layer 
and activate-layer-list. Initialize-layer sets all of the slot values of layer class. Jnitialize- 
layers parameters are a layer object and the layer parameters. The layer parameters 
contain the number of neurons in the layer, the input list, and the weight list. The node- 
list is set by calling build-layer which creates the neurons in the node-list. Initialize-layer 
then sets the values of the neurons by calling initialize-node-list. 

(defmethod initialize-layer ((my-layer layer) layer~-params) 
(setf(number-value my-layer) (first layer-params) ) 


(setf£(input-vector my-layer) (second layer-params) ) 
(setf(weight-vector my-layer) (third layer-params) ) 


(setf(node-list my-layer) (build-layer (first layer-params) ) ) 
(initialize-node-list my-layer layer-params) ) 





Initialize-node-list iteratively steps through the node-list and taking one neuron at 
a time and calls initialize-neuron which sets all of the slot values of the neuron. Notice 
that the weight list for the neuron must also be sent to initialize-neuron. If the weight list 
is null, the call to initialize-neuron contains the null weight list, else the weight list is 


stepped through in the same manner as the node-list. 


(defmethod initialize-node-list 
ido* @ (ame0.(+aagedy),) 
(neuronl (first (node-list my-layer) ) 
(mth i (node-list my-layer) )) 
(weightl (first (third layer-params) ) 
(if (mull (third layer-params) ) 
(first (third layer-params) ) 
(nth i (third layer~-params) ) 
((> i (- (length (node-list my-layer)) l 
(initialize-neuron neuronl 
(Tengen (anpur-Vector my-Layer)) welche!) )) 


((my-layer layer) layer-params) 









) 


a) 
ey 





The method activate-layer sets the output-vector slot of the layer to the list of 
output values returned by the call to the method activate-layer-list. Activate-layer-list 
iteratively steps through every neuron in the node-list and calls activate-neuron. The 


results of activate-neuron are consed together to build the output-vector. 
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(defmethod activate-layer-list ((my-layer layer) ) 
(do* ((Gm~0 (+ 1» 
(layerl (cons (first (neuron-activation 
(first (node-list my-layer)) (input-vector my-layer))) ()) 
(cons (first (nevuronm=activation (nth i (node=list my=layer) ) 


(input-vector my-layer))) layer1) ) 


) 
((> 1 (-(length (node-list my-layer)) 2)) (reverse layer1)) 


se 





3. Network Class 


The network class is a subclass of the layer class. The code is in Appendix C. It 
inherits all of the slot values of the layer class. Since the layer class is a subclass of the 
neuron class, the network class also inherits all of the slot values of the neuron class. The 
only additional slot value is the nodes-layer-value which can be accessed by the nodes- 


per-layer accessor. 


(defclass network (layer) 
((nmodes-layer-value :accessor nodes-per-layer 
:initarg :nodes-layer-value 


:init Pemm ‘(1)))) 





The network class contains the four methods: initialize-network, initialize- 
network-layers, activate, and activate-network. They all serve the same purposes as the 
methods in the layer class just at a higher level of abstraction. Jnitialize-network sets all 
of the slot values to the values of the network parameters that are passed in. The network 
parameters consist of a list that contains two list. The first list is the number of neurons, 
the input data, and the weight list for the first layer. The second list is the number of 
neurons, input data and weight list for the second layer. The input data for the second 
layer is initialized to the input data for the first layer, but it 1s changed to the output- 
vector of the first layer when the network is activated. It also calls build-network which 


makes instances of layers. 
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(defmethod initialize-network ((my-network network) network-params) 
(setf(input-vector my-network) (second (first network-params) ) ) 
(setf(number-value my-network) (length network-params) ) 
(setf (nodes-per-layer my-network) (list(first (first network-params) ) 

(first (second network-params) ))) 
(setf(node-list my-network) (build-network 

(length network-params) ) ) 

(initialize-network-layers my-network network-params) ) 










Initialize-network-layers strips off each layer from the node-list of the network 


and passes it to initialize-layer which sets up the layer and calls initialize-neuron to 


initialize each neuron in the layer. 


(defmethod initialize-network-layers((my-network network) network-params) 
(aloe (are O° (Fei 1) ) 
(layerl (first (node-list my-network)) (nth i (node-list 
my-network) ) ) 







) 
Cer — (lengen (node-list my-network)) Ll} )) 
(initialize-layer layerl (nth i network-params) ) ) 







Activate sets the output-vector of the network to the value returned from activate- 


network. Activate-network strips off one layer at a time and passes it to activate-layer 
which sends each neuron in the layer to activate-neuron. It also sets the input value of 


the second layer to the output value of the first layer. 


(defmethod activate ((my-network network) my-network-input) 
(set-network~-input my-network my-network-input) 
(activate-network my-network) 

(setf(output-vector my-network) 
(output-vector (first (last (node-list my-network))))) ) 


(defmethod activate-network ((my-network network) ) 
Kone (in Oe: 1) ) 
(output-layer(activate-layer (first (node-list my-network) )) 


(if (nth 1 (@modemdaist my-network) }) 
(activate-layer (nth i (node-list my-network))))) 
) 
((> i (- (length (node-list my-network)) 1))) 
(if (nth (+ a 1) (nede=list my-network) ) 
(setf(input-vector (nth (+t i1) (node-list my-network) )) 
output-layer)))) 
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4. Back-propagation Algorithm 


The back-propagation algorithm was implemented in the backprop.lisp file in 
Appendix D. The function train takes a network object, input-vector, and acceptable- 
error as parameters. Train calls train-set with the network object and the input-vector 


until the error is within the acceptble-error level. 





(defun train (my-network input-vector acceptable-error) 
(do* ((error (train-set my-network input-vector) 
(train-set my-network input-vector)) )} 
((< error acceptable-error) 'done) 











The input-vector consist of each of the training sets input data followed by the 
expected output for that particular run through the network. The input vector in this 
network consist of a list containing 5 list. Each of the five list are made up of two list 
containing the variable refering to the input data for that round and the expected output 
for that round. For instance, one such input vector would look like this: 

((81mm(1 0 0 0 0))(60mm(0 I 0 0 0))(arty(O 0 1 0 0))(heat(O 0 0 1 0))(3-5in(0 0 0 0 1))) 

Train-set trains the network on the input-vector by calling train-network 
iteratively with each of the five list in the input-vector. Compute-error computes the 
error for each round. The errors for each round, current-error, are added to total-error 
and compared to the acceptable-error in train to determine when to stop training the 
network. 

(defun train-set (my-network input-vector) 
(Cie Foes hol 5 os Oa ciel) 
(current-error (compute-error 
(train-network my-network(first (first input-vector) ) 
(second (first “ipuc—vector)) }) 


(iE Sen 1 tnpme—veceen) 
(compute-error (train-network my-network 


(Ta rst (mth Input =veceor)») 
(second (NEnV1 Mnpur-vector)))))) 


(total-error current-error 
(if (neh 2 eee vector) 
(+ total-error current-error)  ))) 
((> 1 “(= (Length input=-vector) 2) ) total=error)) ) 
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Train-network activates the network with one of the rounds and computes the 
output-error-vector by calling calc-output-error with the expected-output and the output- 
vector of the network. The hidden-layer error-vector is calculated by calling hidden- 
layer-errors with the output-error-vector and the node-list in reverse order. The node-list 
of the network is the layers. By reversing the node-list, the layers are iterated through 
from output layer to input layer in the function hidden-layer-errors. The function 
hidden-layer-errors will be discussed later. Now that the output-error-vector and the 
hidden-layer-error-vector are known, the weights at each neuron can be changed. This is 
accomplished by calling calculate-weight-change with the node-list in reverse and a list 
containing the output-error-vector and the hidden-layer-error-vector. Calculate-weight- 
change is also an involved function and will be discussed later. At this point the weight- 
vector at the layer level has been changed and now the weight-vector for each neuron 


needs to be changed. Set-neuron-weights accomplishes this task. 






(defmethod train-network ((my-network network) input-list 
expected-output) 
















(activate my-network input-list) 
(let* ((output-error-vector (calc-output-error expected-output 
(output-vector my-network) )) 
(hidden-layer-error-vector 
(hidden-layer-errors output-error-vector 
(reverse (node-list my-network) )) ) 
) 
(calculate-weight-change (reverse (node-list my-network) ) 
(GonS oul DpuE—erroraVvect tor 
hidden-layer-error-vector) ) 
(set-neuron-weights (node-list my-network) ) 
(output-vector (first (last (node-list my-network) ))) 
SUEDPULT=erEaor=Veceor 


)) 
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The function hidden-layer-errors calculates the incoming error of the hidden layer 
by calling calc-inc-errors with the error-vector and a transposed weight-vector. In effect 
what calc-inc-errors does is multiply the output-error caused by the neuron with the 
weight-vector and adds up the values in the resulting list. This value, called the 
incoming-error in the function calc-final-error, is fed back through the sigmoid function 


by calculating the derivative of the sigmoid function. 





(defun hidden-layer-errors (error-vector layer-list) 
tde= ((1..0 Gi 
(new-error-vector 
(cons (calc-final-error 
(calc-inc-errors error-vector 
(conv-weight-list (weight-vector (first layer-list)))) 
(fis tislaver— Iie) 
()) 
(cons (calc-final-error 
(calc-inc-errors error-vector 
(conv-weight-list (weight-vector(nth i layer-list)))) 
(nth i layer-list)) 
new-error-vector)) ) 
((> 1 (- (length layer-list) 2)) (reverse new-error-vector) ))) 














(defmethod calc-final-error (incoming-error-vector layer) 
(let ((vectorl (input-vector layer) )) 
(mapcar #'calculate-final-error vectorl incoming-error-vector) ) 


(defun calculate-final-error (node-value incoming-error) 
(* incoming-error node-value (- 1 node-value) )) 


(defun calc-inc-errors (output-error-vector output-weights) 
(der ((2. 0+ 171 

(inc-error (cons (my-Summation output-error-vector 

(first output-weights) ) 

()) 
(cons (my-Summation output-error-vector 
(nth 1 output-weights) ) 
inc-error) ) 


((> i (= Qlengtneoutsue-wergnts) 2)) (reverse 1m6e—-crro) 
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Calculate-weight-change iterates through each layer in the network calling calc- 
wt-chg with the /ayer-list, error-vector, and weight-vector for that layer. Calc-wt-chg 
calculates the amount of change by calling calculate-delta-weight with the learning rate 
(*step*) and the above parameters. Calculate-delta-weight multiplies the *step* with 
error and the arc-weight (original value at the neuron). Calc-wt-chg then calls change- 
weight which actually changes the weights for that layer. It is not easy to see what is 
actually going on here, but it follows the back-propagation algorithm laid out in Chapter 
III. 





(defun calculate-weight-change 
(if (iarst layer=—lamst ) 
(setf(weight-vector (first layer-list) ) 
(cale-wt-chg (first layer-list) (first error-vector-list) 
(weight-vector (first layer-list))) )) 


(layer-list error-vector-list) 









(if (first layer-list) 
(calculate-weight-change 







(COL Lavette miliot) "| GcteroGhOL- Vector ida t ous) 








(defun calc-wt-chg (my-layer error-vector weight-vector-list) 
er ((ie0(+ 3 1)) 
(weightl (cons 
(change-weight 
(calculate-delta-weight *step* 
(first error-vector) (input-vector my-layer) ) 
(Pips ewerghiE-veetor-list)) ()} 
(cons (change-weight 
(calculate-delta-weight *step* 
(nth i error-vector) (input-vector my-layer) ) 
(nth i weight-vector-list)) weightl1))) 
(length error-vector) 2)) (reverse weightl)))) 










Geet 





(defun calculate-delta-weight (beta-shift error arc-weight) 
fee~ “(0 (+ 1 1)) 
(delta-weight (cons (* beta-shift error (first arc-weight)) ()) 
(cons (* beta-shift error (nth i arc-weight)) delta-weight) ) 


) 


((> i (- (length arc-weight) 2)) (reverse delta-weight) ) 


)) 


(defun change-weight (vectorl vector2) 
(mapcar #'+ vectorl vector2) ) 
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5. User Interface 


The user interface is in the ammo-rec.lisp file found in Appendix E. This file 
contains three driver functions that the user can call in order to run the ammunition neural 
network. The first 1s the ammo-recognition function which creates a new network by 
making a network object called ammo-network. It sets up the network parameters that are 
passed to initialize-network along with the network object. Next, the functions calls train 
which invokes the back-propagation algorithm. Train continues to run until the 
acceptable level of error, which is passed to train is reached. Once the network has 
reached the acceptable level of error, the weights are written to a file called ammo- 
wegts.dat. This is how the network object is saved. After all, the only portion of the 


network that cannot be easily reproduced are the weights. 


(defun ammo-recognition () 

(defparameter *step* .2) 

(sett output-type-list "("Sdgam" "60mm" “105mm "MSheat” "3.5in")) 
(rorma:, & “Inv betldemy-= tap G F095 

(ua lia—my— ane de 

(setf ammo-parameters (list(list (length 81imm) 8imm ()) 

(list (length output-type-list) 8lmm ()))) 

(format t "In make-instance ~%") 


(set£f ammo-network (make-instance 'network) ) 
(ftormeaeec “In tmitialaze ~%-) 

(initialize-network ammo-network ammo-parameters) 
(formatee In Erain ~$") 

(train ammo-network (build-ammo-input) '.2) 

(output-file "data/ammo-wgts.dat") 

(Save-weights ammo-network) ) 





The second function that invokes the network is the load-ammo-net function. 
This function is used when the user wants to load a network that has already been trained. 


The function retrain allows the user to continue training the network with current 


(defun load-ammo-net (wgts) 
(SeEE OUEpUtT-Eype-lise *("Slmm” "60mm" "105mm" “S.5in"™= PUsneac 7 
(burla-my-inpue 
(setf parameters (list (list (length t3=-5in) t3=-5in) (figse woes) ) 
(list (length output-type=list) t£3-5in (secona wats) 
(setf ammo-network (make-instance 'network) ) 
(initialize-network ammo-network parameters) ) 
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weights and a different step value, as well as a different level of acceptable-error. The 


step value is the learning rate of the network. 


(defun retrain-ammo-net (wgts) 
(defparameter *step* .1) 
eee Cumoue—tyee-—list '(’olnm” “GOmm” “105mm" "3.5in" "“i05heat") } 


(Duasidamy—input ) 
(sett paraieGemoe (list (list (length t3-5in) t3-5in (first wgts) ) 





The user can modify the ammo-net function that activates the network. The 
ammo-net function sends the test input to activate and outputs the type of round the net 


decides the input resembles. 


(defun ammo-net () 
(lemmate tt. 2nput: 60mm output: ~A~s ” 
(determine-output (activate ammo~-network tsté60Omm) ) ) 
(LOunaeu Inoue: Slmm output: ~A~s * 
(determine-output (activate ammo-network tst81mm) ) ) 
(remneemta input. LO0Smm arty outpug: ~A~s ° 


(determine-output (activate ammo-network tst105mm) )) 
(formate Input: 3,53nerocker eugeuc: -A-% " 

(determine-output (activate ammo-network tst3-5in))) 
(format t "“inpueeelCSmme@iecat output: ~A~s ” 

(determine-output (activate ammo~network tstheat) )) ) 





This program was also written in C++ to improve performance by reducing 
training time. The next chapter summarizes the findings and lessons learned in this 


thesis. 


5] 





V. RESULTS 


A. AMMUNITION GRAPHS 


The actual data values collected on each round can be found in appendix E. The 
31 x 35 matrix of data values is a bit overwhelming, so all of the data collected on the 
rounds was graphed using MATLAB. The graphs show both the similarities and 
differences in the rounds. Figures 5.1 - 5.5 contain the graphs of the ammunition. As 
you can see, the 105mm heat round and the 81mm mortar graphs are virtually identical. 


This fact will explain the results of the testing phase. 
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Figure 5.1: 60mm mortar input data graph. 
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Figure 5.2: 81mm mortar input data graph. 
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Figure 5.3: 105mm artillery input data graph. 
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Figure 5.4: 105mm HEAT input data graph. 





Figure 5.5: 3-5in rocket input data graph. 
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B. TRAINING 


The amount of time a network takes to train is directly related to the values of the 
starting weights, learning rate and acceptable error. Ifthe starting weights are close to the 
ideal weights then the time to train the network is less. If the learning rate is too small 
the network will take a long time to reach the optimal weights. If the learning rate is too 
large then the error will jump back and forth across the bowl (Figure 3.3). The acceptable 
level of error is the stopping point, so it will directly effect the time a network takes to 
train. All of these factors, along with using Lisp, make it hard to judge the performance 
of the back propagation algorithm. 

The current network took 64 hours to train on an IRIX System V.4. Random 
weights, a learning rate of .2 and an error rate of .2 were used. Only 13 iterations of feed 
forward and back propagation were executed. The training phase produce 13.1 MB of 
data containing the weights for the neural network. 

From these figures it is obvious that Lisp took a lot of the time to declare 
variables, dynamically allocate memory, compute the calculations and make the changes 
in the weights. This neural network would not work on a Sun OS due to the 
unavailability of enough heap space. The above IRIX OS release 5 with four 40 MHZ 
processors and 98 MB of memory was used to train the network. The network was 
originally written in a recursive format due to the nature of Lisp, but it had to be rewntten 
iteratively in order to have enough heap space to run. The nature of the neuron objects 
also carried a lot of overhead with them. Each neuron object has a weight vector of 1085 
values and there are 1095 neuron objects. These figures translate into 1.18 x 10° values 
that have to be represented as variables. A network with a relatively large input set 
would run faster if it were written as functions, multiplying matricies, the least amount of 
overhead, the better. 

Figures 5.6 and 5.7 show a graph of the error values after each iteration when the 


ammunition network was trained. The graph displays the error values on the left and the 
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iterations along the bottom. Notice how the iterations jump back and forth across the 


bowl. Remember a .2 error and .2 learning rate was used to train this network. 


iteration 





Figure 5.6: Graph of error convergence for iterations 1-6. 
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Figure 5.7: Graph of error convergence for iterations 7-13. 


C. TESTING 


Once the neural net was trained, the next step was to test the network on data it 
had not seen before. A third set of data was collected on the second training set of 
ammunition. These readings were different from the original training set which ensured 
the network had not seen the data before. To say a network has seen data before means it 
has been trained on the data. The following results point out the type of ammunition fed 
to the network, the amount of time it to come up with the answer, the amount of memory 


used and how the network classified the ammunition. The order in which the output list 


a / 


classifies the ammunition is 81mm mortar, 60mm mortar, 105mm artillery, 3-5in rocket, 
and 105mm HEAT. For instance, the 0.0 in (0.0 6.91607e-26 1.59656e-8 1.0 6.895369e- 
13) is the 81mm mortar, 6.91607e-26 is the 60 mm mortar, 1.59656e-8 is the 105mm 
artillery round, 0.0 1s the 3-Sinch rocket, and 6.895369e-13 is the HEAT round. The 1.0 
shows that the network decided the input data was a 3-5in rocket. All of the other 


numbers are essentially zero due to the negative exponents. 


e 3-51in rocket 


[3] user(11): (time (activate ammo-network tst3-5in) ) 
; cpu time (non-gc) 40,790 msec user, 390 msec system 


cpu time (gc) 10,380 msec user, 40 msec system 


cpu time (total) 51,170 msec user, 430 msec system 


real time 51,695 msec 

space allocation: 
4,742,615 cons cells,; 0 symbols, 37,968,408 other bytes 
(0.0 60960 7e=-2om la Iesbe=cml. 0 6. 8a so9e—is) 





e 105mm artillery 


[3] user(12): (time (activate ammo-network tst105mm) ) 
cpu time (non-gc) 40,980 msec nser, 270 msec system 
cpu time (gc) 9,120 msec user, 40 msec system 
cpu time (total) 50,100 msec user, 310 msec ™syercm 
real time 50,877 msec 


space allocation: 


4,742,592 cons cells,; 0 symbols, 37,966,920 other bytes 


(OeO-O.0 letrO UZesteuoe 0 o9taurt) 
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e 60mm mortar 


(3] user(13): (time (activate ammo-network tst60Omm) ) 
; cpu time (non-gc) 41,330 msec user, 80 msec system 


; Cou time (ac) 11,620 msec user, 70 msec system 


, cpu time (total) 52,950 msec user, 150 msec system 


real time 53,547 msec 

space allocation: 

4,742,592 cons cells,; 0 symbols, 37,966,920 other bytes 
(0.0 1.0 0.011034517 3.4060365e-8 4.8678684e-9) 





e 8imm mortar 


[3} user(14): (time (activate ammo-network tst81mm) ) 

cpu time (non-gc) 41,590 msec user, 80 msec system 

cpu time (gc) 9,200 msec user, 50 msec system 

cpu time (total) 50,790 msec user, 130 msec system 

real time 51,062 msec 

space allocation: 

AAO ceconSseColls,;. O.symbols 13/966, 920. obhers byes 
(5.8375394e-14 1.521067e-13 4.5806116e-13 4.017225e-10 0.99741983) 





e 105 HEAT 


(3J}user(15): (time (activate ammo-network tstheat) ) 
;Cpu time (nomegemaiy oO msece user, OO .msec system 
;cpu time (ge) 12,480 msec user, 60 msec system 
;cpu time(total) 53,840 msec user, 120 msec system 
; real time 54,085 msec 
; space allocation: 


4,742,592cons cells, ;Osymbols, 37, 966,9200ther bytes 


(3.7480947e-29 7.8907937e-15 3.7026lle-11 3.8968346e-15 1.0) 
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The average of the real time taken to compute an answer after training is 52.253 
seconds. The amount of memory used was 42.7 MB. The test phase shows that 4 out of 
5 of the rounds were correctly identified. In the test data, the 81mm mortar was the only 
round that was not correctly identified. It was identified as a 105mm HEAT round with 
.99 out of 1.0 accuracy. However all of the other pieces of ammunition were correctly 
identified with a precision of 1.0. A look at the graph of the 8lmm mortar and the 
105mm HEAT rounds will show a remarkable similarity. The results might have been 
better if there were not max readings of -36.0 and 36.0. The HEAT round would have 
had a higher peak than the 81mm mortar. When the training data was feed through the 
network all of the ammunition was correctly classified. The 81mm mortar was classified 
as an 81mm mortar. 

Further testing revealed that when data the network had not seen before and was 
not trained to identify was input, the network gave false positives. Readings were taken 
on a tin can and the network identified the can as an artillery round with a 1.0 accuracy. 
This result was an unfortunate turn of events. Hopefully, the network would have came 
up with low numbers, .70 or less, on all of the outputs for the tin can. An analysis of the 
graph of the tin can and the artillery shell revealed that the two sets of input data were 
similar but not identical. Figure 5.8 shows the graph of the tin can. 
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Figure 5.8: Tin can input data graph. 
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Vi. CONCLUSIONS 


A. THESIS QUESTIONS 


The goal of this thesis was to determine if an artificial neural network was capable 
of correctly identifying unexploded ordnance. In making this determination the 
following thesis questions were addressed: 

e Are artificial neural networks able to correctly identify, within a certain degree 
of precision, various type of unexploded ordnance both surface laid and 
buried? 

e What type of neural network architecture is best for the job? 

e What is the training set to be used in the training of the neural network? 

e With what precision are the objects correctly identified? 

Are artificial neural networks able to correctly identify, within a certain degree of 
precision, various type of unexploded ordnance both surface laid and buried? It has been 
shown that a neural network is capable of identifying 4 out of the 5 pieces of ammunition 
with a .99 or higher certainty. These results are based on data inputs from a test set made 
up of a 60mm mortar, 81mm mortar, 105mm artillery round, 105mm HEAT round and a 
3-5in rocket. The amazing part of this result is that only two sets of data on the above 
ammunition were used to train the network. A neural network is trained to recognize a 
pattern. The more variations of that pattern used to train the network, the more efficient 
the network is in correctly classifying a pattern that is slightly different from the pattern 
used to train the network. Yet, the multi-layer feed-forward artificial network was able to 
correctly identify 4 pieces of ammunition with only two sets of training data. 

The quality of the sensor and the limited range of output values lead to the failure 
of the network to correctly identify the 81mm mortar. The range of the sensor 1s -36.0 to 
36.0. Both the 81mm mortar and the 105mm HEAT round reached the maximum value 


of the sensor in the same area of the grid. If the sensor’s maximum value was higher, the 


6] 


two rounds would have different values in the center of the grid. Therefore, the network 
would be able to distinguish between the two rounds. 

When the two sets of training data were input in to the network, 100% of the 
ammunition was correctly identified. This fact also leads me to believe that with more 
training data the network would be able to distinguish between the 81mm mortar and the 
105mm HEAT round of the test set. 

Where as the test set results are encouraging, the failure of the network to not 
identify the tin can is an area of concern. However, when the network was retrained with 
the tin can included in the training set to produce all zeros, the network trained. This 
shows that if false positives come up on certain types of objects, the network can be 
trained to not recognize the objects. This may allow a neural network to be constructed 
that could be a useful tool in clearing ranges. 

Only surface laid ammunition was tested in this thesis. The problem with a 
network correctly identifying buried ammunition is one of limiting the number of 
possibilities. There are an infinite number of possible ways the piece of ammunition 
could be buried in the ground. The number of possibilities span from the depth of the 
round to the angle of the round. Each of these possibilities will yield a different set of 
input data. Therefore, the problem becomes one of reducing the above infinite set to a 
finite set by limiting the number of angles and depths at which readings are taken. 
Another more viable options is to develop a mathematical equation that would normalize 
the data by bringing the input readings of a buried round to a base case of the above 
surface laid readings. This equation would be based on finding the centroid of the 
magnetometer readings of the round and then orienting the round based upon the strength 
of the readings. 

What type of neural network architecture is best for the job? A multi-layered 
feed-forward neural network with the back propagation training algorithm was used for 
the ammunition recognition network. This network was chosen due to its capabilities as a 


pattern classification network. Execution speed and the number of layers were also a 
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major determining factors in choosing an architecture. Once a feed-forward network is 
trained, the actual execution time is very fast. With 1085 neurons in the input layer, 
keeping the number of layers to a minimum also contributes to the execution time. 

What is the training set to be used in the training of the neural network? As 
mentioned above, a training set consisting of over 1000 data points was collected for 2 
sets of a 60mm mortar, 81mm mortar, 105mm artillery round, 105mm HEAT round, and 
a 3-5in rocket. These rounds were chosen because they are common types of UXO’s and 
because of their availability at a local ordnance unit. 

The last thesis question of what precision the objects are correctly identified has 
already been addressed. Four of the five rounds were correctly identified with a precision 


of .99 or better with only two training sets of data. 


B. LESSONS LEARNED 


Gathering the data was the most time consuming process of this research. This 
step must be automated. Any network improves in performance with the amount of 
training data. This network was trained on only two sets of the ammunition set. Ten to 
100 or even 1000 sets of data would have been much more effective. Using a large 
training set is a normal practice. The greater the number of training sets of different data 
on the same object, the better any neural network will perform. Automating this data 
collection process using the Naval Postgraduate School autonomous vehicle, Shepard, 
would have made gathering more data possible. 

The position of the round when gathering data is critical to the success of the 
network. Moving the round up, down, left or mght, will cause the network to not 
recognize the pattern. This problem leads back to the gathering of more data. The more 
data gathered on the training set in different positions, the better chance the network has 
to identify the test set of ammunition. This is critical when it comes to sending Shepard 
out in the field to identify UXO’s. More than likely, the round will not be in the same 


position as it was when the network was trained. 
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Using LISP as the language for the prototype was very helpful. But in order for 
the network to achieve the level of speed required of a real time system, the program 
must be rewritten in C++ or implemented in hardware. Hardware is the better solution. I 
rewrote the network in C++ in order to achieve a faster training time (see Appendix G). 
Training time in LISP was taking hours to iterate through one piece of ammunition in the 
training set. The C++ version was written with as little overhead as possible and was able 
to iterate through the entire training set in a matter of minutes, which was an order in 


magnitude improvement. 


on RECOMMENDATIONS FOR FUTURE RESEARCH 


The most important recommendation for future research is to mount the array of 
sensors on Shepard. This will allow for the automated gathering of a large amount of 
training data. I recommend the use of a one dimensional array of 31 sensors on a 
platform out in front of Shepard. The further in front of Shepard this array can be placed 
the better, because Shepard is made of metal and this may affect the sensors. 

Future research must include the ability to determine the identity of a buried 
object. Automating the data collection will aid in the development of a method of 
determining what type of rounds are buried in the ground. Whether the decision is made 
to gather an exhaustive amount of data to train the network on or develop an equation to 
determine the identity of a buried object, automating the data collection is essential. 

The concept of using an artificial neural network to identify UXO’s is a valid 
concept and should be pursued further. Although I was unable to prove that a neural 
network will identify a UXO from a NON-UXO, the fact that the network can identify 
one UXO from another is a very significant finding. I believe there exists a set of weights 
that will make the neural network distinguish a UXO from a NON-UXO. The only way 


this will be proven is the collection of more data through automating the process. 
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APPENDIX A: SOURCE CODE (NEURON CLASS) 


;;File: neuron.|Isp Franz Common Lisp 
;;Jeff May 

3321 Mar 97 

;;Contains the neuron class 


3; Copyright © 1997 Jeff May 


;3;NEURON CLASS 
;;creates a neuron class with a weight value list, and output value list. 
(defclass neuron () 
((weight-value :accessor weight-vector 
rinitarg :weight-value 
:initform '()) 
(output-value :accessor output-vector 
‘initarg :output-value 


:initform '(1)))) 
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3,;NEURON ACTIVATION 
;;Feeds the weighted sum of the input vector to the activation 
;;function inorder to produce an output for the neuron. 
(defmethod neuron-activation ((my-neuron neuron) layer-input) 
(setf (output-vector my-neuron) 

(list (sigmoid (my-summation (weight-vector my-neuron) 


layer-input))) 


;ANITIALIZE NEURON 
;; fakes an input vector and weight vector and sets the data members 
;;0f the neuron. Ifa nil weight vector is passed in, random weights 
5; are assigned. 
(defmethod initialize-neuron ((my-neuron neuron) input-length weight-vector1) 
(if (null weight-vector] ) 
(setf(weight-vector my-neuron) (make random_weights input-length 2.0)) 


(setf{(weight-vector my-neuron) weight-vector1)) 
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3; SUMMATION OF A VECTOR 
;; this does summation on a vector 
;; > (summation vector) 
;; > (summation '(2.0 3.0 2.6)) 
(defun my-summation (vectorl vector2) 
(apply '+ (mapcar #'* vectorl vector2))) 

3; CREATE RANDOM WEIGHTS 
;; makes a weight list of n elements long 
;; of random weights +/- of rsw 
3; > (make _random_weights 3 2.0) 
35 (0.673233 -1.875556 1.333498) 
33(setf rsw 2.0);;or set it globally to a value 
(defun list_of (n elt) 

(do* (i 1 (+11)) 

(weight1 (cons elt ()) (cons elt weight1)) 


) 
((> 1n) weight1))) 
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(defun make _random_weights (n rsw) 
(mapcar #'- 
(list_of n rsw) 
(mapcar #'random (list_of n (* rsw 2))))) 
;; LOGISTIC ACTIVATION FUNCTION 
;; this provides a standard activation 
;; function for a neural net--the logistic 
;; sigmoid function 
3; f(x) =1/(1 +e (x)) 
(defun sigmoid (x) 
(/1 (+1 (exp (- 0x) 
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APPENDIX B: SOURCE CODE (LAYER CLASS) 


;;layer class Franz Common Lisp 
;;Jeff May 

3321 March 97 

;;contains layer class 


;; Copyright © 1997 Jeff May 


;;Creates a layer class with a node-value, input-value, number and slot values inherited from 
;;neuron class. Number is the number of neurons in the layer. Node-value is a list containing 
;;the neurons. 


(defclass layer (neuron) 
((node-value :accessor node-list 
‘initarg :node-value 
:initform '((make-instance 'neuron))) 
(input-value :accessor input-vector 
‘initarg :input-value 
:initform '()) 
(number :accessor number-value 
‘Initarg :number 


-initform 1))) 
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INITIALIZE LAYER 

;;Initializes the slot values of layer class. 

(defmethod initialize-layer ((my-layer layer) layer-params) 
(setf(number-value my-layer) (first layer-params)) 
(setf(input-vector my-layer) (second layer-params)) 
(set{(weight-vector my-layer) (third layer-params)) 
(setf(node-list my-layer) (build-layer (first layer-params))) 


(initialize-node-list my-layer layer-params) 


INITIALIZE NODE LIST 
;;Initializes the neurons in the node list. 
(defmethod initialize-node-list ((my-layer layer) layer-params) 
(do* (1 0 (41 1)) 
(neuron (first (node-list my-layer)) (nth 1 (node-list my-layer))) 
(weight1 (first (third layer-params)) 
(if (null (third layer-params)) 
(first (third layer-params)) 
(nth i (third layer-params)))) 
) 
((> 1 (- length (node-list my-layer)) 1))) 


(initialize-neuron neuron! (length (input-vector my-layer)) weight1))) 
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;;BUILD LAYER 
;;Creates the number of neurons need for the layer 
(defun build-layer (number-neurons) 
(do* (i 1 (+11)) 

(neuron-list (cons (make-instance 'neuron) ()) 

(cons (make-instance 'neuron) neuron-list))) 

((> 1 (- number-neurons 1 )) (reverse neuron-list)))) 
sACTIVATE LAYER 
;;Sets the weight-value slot by activating the layer 
(defmethod activate-layer ((my-layer layer)) 

(setf(weight-vector my-layer) (set-weights (node-list my-layer))) 


(setf(output-vector my-layer) (activate-layer-list my-layer)) 


sACTIVATE LAYER LIST 


;;Activates the neurons in the layer by calling neuron-activation 
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(defmethod activate-layer-list ((my-layer layer)) 
(do* (10 (41 1)) 
(layer! (cons (first (neuron-activation 


(first (node-list my-layer)) (input-vector my-layer))) ()) 


a 


(cons (first (neuron-activation (nth 1 (node-list my-layer)) 
(input-vector my-layer))) layer1)) 
) 
((> 1 (-dength (node-list my-layer)) 2)) (reverse layer1)) 
)) 


339SET WEIGHTS 
;;1f weights are sent in as parameters then is function is called instead of random weights. 
(defun set-weights (layer-list) 
(if (null layer-list) 
Q 
(cons (weight-vector (car layer-list)) 


(set-weights (cdr layer-list))))) 
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APPENDIX C: SOURCE CODE (NETWORK CLASS) 


;;network.|spFranz Common Lisp 
;;Jeff May 

3321 March 97 

;;Contains network class 


;; Copyright © 1997 Jeff May 


(defclass network (layer) 
((nodes-layer-value :accessor nodes-per-layer 
‘initarg :nodes-layer-value 
:initform '(1)))) 
INITIALIZE NETWORK 
;;initializes the slot values of network class based on the parameters passed in. 
(defmethod initialize-network ((my-network network) network-params) 
(setf(input-vector my-network) (second (first network-params))) 
(setf(number-value my-network) (length network-params)) 
(setf(nodes-per-layer my-network) (list (first (first network-params)) 
(first (second network-params)))) 


(setf(node-list my-network) (build-network 


n> 


(length network-params))) 


(initialize-network-layers my-network network-params) 


INITIALIZE NETWORK LAYERS 
;;Initializes each layer in the network by calling initialize-layer 
(defmethod initialize-network-layers ((my-network network) network-params) 
(do* (11 0 (+1 1)) 
(layerl (first (node-list my-network)) (nth 1 (node-list 
my-network))) 
) 
(> i (- (length (node-list my-network)) 1))) 


(initialize-layer layer] (nth 1 network-params))) 


--BUILD NETWORK 
;;Creates the layers in the network 
(defun build-network (number-layers) 
(do* (G1 (+11)) 
(layer-list (cons (make-instance ‘layer) () 
(cons (make-instance 'layer) layer-list))) 


((> i (- number-layers 1)) (reverse layer-list)))) 
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ACTIVATE 


;;sets the output-value of the network to the value of the last layer output-value by calling 
;;activate-network 


(defmethod activate ((my-network network) my-network-input) 
(set-network-input my-network my-network-input) 
(activate-network my-network) 

(setf(output-vector my-network) 


(output-vector (first (last (node-list my-network))))) 


3;3SET NETWORK INPUT 


;;9ets network input vector 


(defmethod set-network-input ((my-network network) network-input) 
(setf(input-vector my-network) network-input) 


(setf(input-vector (first (node-list my-network))) network-input) 


;sACTIVATE NETWORK 


;;Activates network by sending one layer at a time to initialize-layer 


(defmethod activate-network ((my-network network)) 


(do* (i 0 (+i 1)) 


ue 


(output-layer (activate-layer (first (node-list my-network))) 
(if (nth i (node-list my-network)) 
(activate-layer (nth 1 (node-list my-network))))) 
) 
((> 1 (- dength (node-list my-network)) 1))) 
(if (nth (+ 1 1) (node-list my-network)) 
(setf(input-vector (nth (+ 1 1) (node-list my-network))) 


output-layer)))) 
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APPENDIX D: SOURCE CODE (BACK PROPAGATION) 


;;backprop.Isp Franz Common Lisp 

;;Jeff May 

5321 Mar 97 

;;Contains the functions that run the back propagation algorithm 


;; Copyright © 1997 Jeff May 


>; TRAIN 


(defun train (my-network input-vector acceptable-error) 
(do* ((error (train-set my-network input-vector) 
(train-set my-network input-vector)) 

) 

((< error acceptable-error) 'done) 

(format t "Total Error ~A~% " error))) 
>; TRAIN-SET 
;; otal Error = Total Error + Total Output Error (current-error) 
(defun train-set (my-network input-vector) 


(do* ((i 0 (+i 1)) 


” 


(current-error (compute-error 
(train-network my-network (first (first input-vector)) 
(second (first input-vector)))) 
(if (nth 1 input-vector) 
(compute-error (train-network my-network 
(first (nth i input-vector)) 
(second (nth 1 input-vector))) 
))) 
(total-error current-error 
(if (nth 1 input-vector) 
(+ total-error current-error))) 
) 
((> 1 (- (length input-vector) 2))total-error) 


)) 


;3;COMPUTE ERROR 
;;T otal Output Error = sum(output errors) 
(defun compute-error (error-vector) 
(let* ( 
(vector (mapcar #'abs error-vector)) 
(sum (mapcar #'+ vector)) 


) (first sum)) 
) 
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(defmethod train-network ((my-network network) input-list expected-output) 
(activate my-network input-list) 
(let* ((output-error-vector (calc-output-error expected-output 
(output-vector my-network))) 
(hidden-layer-error-vector 
(hidden-layer-errors output-error-vector (reverse (node-list 
my-network)))) 
) 
(calculate-weight-change (reverse (node-list my-network)) 
(cons output-error-vector 
hidden-layer-error-vector)) 
(set-neuron-weights (node-list my-network)) 
(output-vector (first (last (node-list my-network)))) 


output-error-vector 


;3;CALC-OUTPUT-ERROR 


;;Output Error = Expected - Actual 


(defun calc-output-error (exp-output calc-output) 


(mapcar #'- exp-output calc-output)) 
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(defun hidden-layer-errors (error-vector layer-list) 
(do* (1 0 (+1 1)) 
(new-error-vector 
(cons (calc-final-error 
(calc-inc-errors error-vector 
(conv-weight-list (weight-vector (first layer-list))) 


) 
(first layer-list)) 


()) 
(cons (calc-final-error 
(calc-inc-errors error-vector 
(conv-weight-list (weight-vector (nth 1 layer-list))) 
) 
(nth i layer-list)) . 
new-error-vector) 
) 
) 


((> i (- (length layer-list) 2)) (reverse new-error-vector)))) 
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(defmethod calc-final-error (incoming-error-vector layer) 
(let ((vector1 (input-vector layer))) 


(mapcar #'calculate-final-error vectorl incoming-error-vector) 


3; CALCULATE FINAL ERROR 
;;FinErr = IncErr * Derivative_of_activation_function 
(defun calculate-final-error (node-value incoming-error) 

(* incoming-error node-value (- 1 node-value))) 
;; Calculate Incoming Errors 
;;incErr = sum(OutEr * weights) 
(defun calc-inc-errors (output-error-vector output-weights) 

(do* (1 0 (+11)) 

(inc-error (cons (my-summation output-error-vector 
(first output-weights)) 
()) 
(cons (my-summation output-error-vector 


(nth i output-weights)) 
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inc-error)) 


) 
((> 1 (- (length output-weights) 2)) (reverse inc-error)) ) 


(defun calculate-weight-change (layer-list error-vector-list) 
(if (first layer-list) 
(setf(weight-vector (first layer-list)) 
(calc-wt-chg (first layer-list) (first error-vector-list) 


(weight-vector (first layer-list))) 


) 
(if (first layer-list) 


(calculate-weight-change (cdr layer-list) (cdr error-vector-list)) 
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(defun calc-wt-chg (my-layer error-vector weight-vector-list) 
(do* (Gi O(+ 1 1)) 
(weight1 (cons 
(change-weight 


(calculate-delta-weight *step* 
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(first error-vector) (input-vector my-layer)) 

(first weight-vector-list)) 

()) 

(cons (change-weight 

(calculate-delta-weight *step* 
(nth 1 error-vector) (input-vector my-layer)) 

(nth 1 weight-vector-list)) 

weight1)) 


) 
((> 1 (- dength error-vector) 2)) (reverse weight] )) 


)) 


>; CALCULATE DELTA WEIGHT 

;; delta_weight = b * OutErr * InputValues 

(defun calculate-delta-weight (beta-shift error arc-weight) 

(do* (a 0 (+1 1)) 
(delta-weight (cons (* beta-shift error (first arc-weight)) ()) 
(cons (* beta-shift error (nth 1 arc-weight)) delta-weight)) 

) 
((> 1 (- (length arc-weight) 2)) (reverse delta-weight)) 


)) 


ee) 


3; CHANGE WEIGHT 
3; weight = weight + delta_weight 
(defun change-weight (vectorl vector2) 


(mapcar #'+ vector] vector2)) 


(defun set-neuron-weights (layer-list) 
(do* ((k 0 (+k 1))) 
((> k (- (length layer-list) 1))) 
(do* ((i 0 (+i 1))) 
((> i (- (length (node-list (nth k layer-list))) 1))) 
(setf(weight-vector (nth i (node-list (nth k layer-list)))) 


(nth 1 (weight-vector (nth k layer-list)))) 


35; CONVERT WEIGHT LIST TO BACKPROP WEIGHT LIST 
3; conv_weight_ list 
;; takes (1 2 3) (4 5 6) and makes (1 4) (2 5) (3 6) 


(defun conv-weight-list (x) 


(apply 'mapcar #'list x)) 
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APPENDIX E: SOURCE CODE (AMMO-RECOGNITION) 


;;ammo-rec.lsp 

;;Jeff May 

3321 Mar 97 

;;Contains the user interface functions 
;; Copyright © 1997 Jeff May 


;AMMO-RECOGNITION sets the learning rate, called step, to .2. Output-type-list establishes 
;;what the order of the output. Ammo-parameters is a list that contains the number of neurons 
;31n the first layer, length 81mm, weight list, (), initial input values, 81mm, the number of 
;;neurons in the nest layer, length output-type-list, initial input values for the second layer, 
;;381mm and weight vector for the second layer neurons, (). Setf ammo-network creates an 
;;network object called ammo-network. 


(defun ammo-recognition () 

(defparameter *step* .2) 

(setf output-type-list '("81mm" "60mm" "105mm" "105heat" "3.5in")) 
(format t "In build-my-input ~%") 

(build-my-input) 

(setf ammo-parameters (list(list (length 81mm) 81mm ()) 

(list (length output-type-list) 81mm ()))) 

(format t "In make-instance ~%") 

(setf ammo-network (make-instance 'network)) 
(format t "In initialize ~%") 


(initialize-network ammo-network ammo-parameters) 
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(format t "In train ~%") 
(train ammo-network (build-ammo-input) '.2) 
(output-file "data/ammo-wets.dat") 


(save-weights ammo-network) 


;sSLOAD-AMMO-NET 
;;Loads a pre-existing network object and calls it ammo-network. 
(defun load-ammo-net (wets) 
(setf output-type-list '("81mm" "60mm" "105mm" "3.5in" "105heat")) 
(build-my-input) 
(setf parameters (list (list ength t3-5in) t3-5in (first wegts)) 

(list dength output-type-list) t3-51n (second wets)))) 
(setf ammo-network (make-instance 'network)) 


(initialize-network ammo-network parameters) 


;;RETRAIN-AMMO-NET 


;;Allows for a method of retraining a network with the existing weights and a different learning 
;;rate as well as a different error 


(defun retrain-ammo-net (wgts) 
(defparameter *step* .1) 


(setf output-type-list '("81mm" "60mm" "105mm" "3.5in" "105heat")) 
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(build-my-input) 
(setf parameters (list (list (length t3-5in) t3-5in (first wets)) 
(list (length output-type-list) t3-5in (second wets)))) 
(setf ammo-network (make-instance 'network)) 
(initialize-network ammo-network parameters) 
(train ammo-network (build-ammo-input) '.1) 
(output-file "data/ammo-wets.dat") 


(save-weights ammo-network) 


>;sAMMO-NET 


;;Activates ammo-network, calls determine-output and prints what piece of ammo the net has 
;;determined the input is and with what value. A value of 1.0 is the max. This function sends 
;;the test data through the network. 


(defun ammo-net() 

(format t "input: 60mm output: ~A~% " 
(determine-output(activate ammo-network tst60mm))) 

(format t "input: 81mm output: ~A~% " 
(determine-output(activate ammo-network tst81mm))) 

(format t "input: 105mm arty output: ~A~% " 
(determine-output(activate ammo-network tst105mm))) 

(format t "input: 3.5in rocket output: ~A~% " 
(determine-output(activate ammo-network tst3-5in))) 

(format t "input: 105mm heat output: ~A~% " 


(determine-output(activate ammo-network tstheat)))) 
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;;BUILD-MY-INPUT 
;;Creates the variables that contain the input data. 
(defun build-my-input () 
(setf 60mm (build-input "../data/60mma.dat")) 
(setf 81mm (build-input "../data/81mm.dat")) 
(setf 105mma (build-input "../data/105mmarty.dat")) 
(setf 3-5in (build-input "../data/3-5in.dat")) 
(setf 10Sheat (build-input "../data/105-heat.dat"’)) 
(setf t3-Sin (build-input "../data/t3-5in.dat")) 
(setf t8]mm (build-input "../data/t8 1 mm.dat")) 
(setf tl OSheat (build-input "../data/t1 OSheat.dat")) 
(setf t60mm (build-input "../data/t60mm.dat")) 
(setf t105mm (build-input "../data/t105mm.dat")) 
(setf tst60mm (build-input "../data/tst60mm.dat")) 
(setf tst]05mm (build-input "../data/tst105mm.dat")) 
(setf tst3-5in (build-input "../data/tst3-5in.dat")) 
(setf tstheat (build-input "../data/tstheat.dat")) 


(setf tst8 1mm (build-input "../data/tst8 1mm.dat")) 
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;;BUILD-AMMO-INPUT 
;;Builds the training sets with the expected output attached to each ammo variable 
(defun build-ammo-input () 
(list 
(list 81mm '(1 0 0 0 0)) 
(list 60mm '(0 1 0 0 0)) 
(list 105mma '(0 0 1 0 0)) 
(list 10Sheat '(0 0 0 1 0)) 
(list 3-5Sin '(0 0 0.0 1)) 
(list t81mm '(1 0 0 0 0)) 
(list 60mm ‘(0 1 0 0 0)) 
(list t105mm '(0 0 1 0 0)) 
(list t1O05heat '(0 0 0 1 0)) 
(list t3-Sin '(0 000 1))) ) 
;3;3DETERMINE -OUTPUT 


;; lakes the max number of the output list and prints the corresponding string from the output- 


;;type-list. 
(defun determine-output (output-list) 
(let ((answer (eval (append '(max) output-list)))) 
(format t "~A~% " answer) 


(nth(position answer output-list) output-type-list))) 
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ANN 

-;Compiles and loads all of the files needed to run the network 
(defun ann () 

(compile-file "neuron") 

(load "neuron" 

(compile-file "layer") 

(load "layer") 

(compile-file "network") 

(load "network") 

(compile-file "backprop") 

(load "backprop") 

(compile-file "ammo-rec" 

(load "ammo-rec" 

(compile-file "readnet") 

(load "readnet") - 
(compile-file "out-data") 


(load "out-data")) 
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;OUTPUT-FILE 
;;Creates the output file for the weights of the network 
(defun output-file (file-name) 
(setf output-path (make-pathname :name file-name)) 
(setf out-str (open output-path :direction :output 


:if-exists :supersede)) 


--SAVE-WEIGHTS 
;; Writes the weights to the above file. 
(defmethod save-weights ((my-network network)) 
(do* (0 (+1 1)) 
(weight1 (weight-vector (first (node-list my-network))) 
(list (weight-vector (nth 1 (node-list my-network))) weight1)) 
) 
((> i (- (length (node-list my-network)) 2)) 
(format out-str "~A~%" (reverse weight1))) 


) 


(close out-str)) 
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;;sBUILD-INPUT 
;;Opens the input file and reads the data in. 
(defun build-input (data-path) 
(setf path (make-pathname :name data-path)) 
(setf str (open path :direction :input 
:1f-exists :supersede)) 
(do* ((str-line (read-line str nil 'eof) 
(read-line str nil 'eof)) 
(ammo-list (list (read-from-string str-line)) 
(if (eq] str-line 'eof) 
ammo-list 
(cons (read-from-string str-line) ammo-list))) 
) 


((eql str-line 'eof) (close str) (reverse ammo-list)) 


ve 
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;;BUILD-WEIGHTS 
;;Opens and reads in the weight values 
(defun build-weights (data-path) 
(setf weight-path (make-pathname :name data-path)) 
(setf weight-str (open weight-path :direction :input 
:1f-exists :supersede)) 
(setf my-weights1 (read-line weight-str nil)) 


(close weight-str) 
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6.9 82 9.8 11.8 14.1 17.8 21.2 25.4 29.5 32.6 34 34.3 33.6 30.9 27.7 23.8 19.7 16.9 13.9 11.1 9 7.9 6.5 5.5 46 4.1 3.5 3.2 
7 84 10 12 14.4 18.1 21.4 25.8 29.8 32.8 34.2 34.5 33.5 31.2 28.2 24.3 20.2 17.1 144 113 93 8 66 55 48 4.1 3.6 3.2 
7 8.3 9.8 12 14.1 17.5 20.7 24.3 28.1 30.6 31.9 31.8 30.5 29.4 27 23.4 19.7 168 14.1111 9.1 8 66 56 48 4.1 3.6 3.2 
6.7 8 9.4 11.3 13.2 16.1 18.6 21 23.4 24.7 26.4 248 24.7 23.6 23.1 20.3 17.9 15.6 12.8 108 8.9 7.9 6.5 5.5 46 4.1 3.6 3.2 
COO LO NTT TS 5.8 1621599 15.2 TOSS S621 717521319 11S 9:8 PBS 7.4 6539393 153.2 
66 779 89 10 108 11.5 11.7 8 2.6 15 -1.1 14 5.7 9.6 11.7 11.7 11.4 9.7 8.7 74 69 56 49 43 3.9 3.3 32 
5.3.6.2 6.7 7.2 76 7.7 7 3.3 -1.2 -8.4-12.7-14.2 -12 -5.3 04 52 6.7 84 76 72 62 6 5 45 4.1 36 3.2 3.1 

46 5 55 5.3 5.3 3.6 1.8 -4.8-11.3-19.2 -26 -29.8 -26.1-16.8 -7.9 -15 7.9 3.9 55 56 52 5 45 42 36 33 32 2.9 

3.9 4.1 3.8 3.5 2.6 -0.4 -2.6-10.4 -18.9 -31.9-35.9 -36 -35.6-27.8-17.5 -7.6 -3.5 0.4 2.1 3.5 3.8 39 38 3.6 3.3 32 28 28 
3.1 2.9 2.4 1.6 -0.4 -3.4 -8.9-16.2-27.8 -36 -36 -36 -36 -35.3 -25.4-15.5 -8.4 -3.8 -05 1.1 22 29 29 3.1 2.9 28 26 2. 
2.2 2.1 1.1 -0.4 -2.8 -7.6 -12.9 -23.4 -33.2 -36 -36 -36 -36 -36 -32-21.2-13.4 -7.4 -2.8-07 9 18 22 2.4 25 2.5 24 2.4 
1.6 1.1 -0.4 -1.9 -4.8-10.7 -15.2-27.7 -36 -36 -36 -36 -36 -35.6 -25.7-16.9-10.7 -5 -2.4 -0.5 0.7 16 1.9 2.1 2.2 22 2.2 
1.1 0.4 -1.1 -3.8 -6.7 -12.4 -19.2 -30.9 -36 -36 -36 -36 -36 -36 -29.6-20.2-13.2 -7 -3.8 -1.2 -0.5 09 14 18 1.9 2.1 2.1 
1.4 -0.5 -1.9 -4.6 -8.3-13.8 -19-31.9 -36 -36 -36 -36 -36 -36-32.5 -23-15.1 -8.7 -5.2 -24 0.9 04 0.9 14 1.6 1.8 1.9 
0.4 -1.1 -2.5 -5 -8.6-13.9-20.5 -32 -36 -36 -36 -36 -36 -36 -32.9-23.6-16.8 -9.4 -6 -3.1 -14 05 0.5 1.1 1.5 16 146 
-0.5 -1.2 -2.9 -5.5 -8.9 -14.2 -20.2-31.1 -36 -36 -36 -36 -36 -36 -36-32.6 -24.8-17.2 -10 -6.4 -3.5 -1.8 -0.5 04 0.9 12 1.5 1.6 
0.5 -1.4 -2.9 -5.5 -8.4-13.5 -18.8 -28.4 -36 -36 -36 -36 -36 -36 -36-30.9 -22.7-16.2 -10 -6.4 -3.6 -2.1 0.7 0.4 0.8 1.1 14 1.5 
0.5 -1.4 -2.8 -5 -7.9 -12.4 -16.9 -25.1-33.3 -36 -36 -36 -36 -36 -34.7 -28.1 -20.3-14.7 -9.4 -6 -3.5 -2.1 -0.7 0.4 0.7 0.9 12 1.4 
0.5 -1.2 -2.5 -4.3 -6.7 -10.7 -13.9 -20.6 -27.4 -33.9 -36 -36 -36-34.6-29.5 -23-17.2-12.5 -8.3 -5.5 -3.2 -18 07 0 07 09 1.2 14 
0.5 -1.1 -2.2 -3.8 -5.7 -8.9 -11.7 -16.2 -21.6 -26 -31.1 -30.9 -31.1 -26.1 -22.6 -18.2 -13.8-10.3 -6.9 -4.5 -2.5 -1.5 -0.5 04 0.7 0.9 1.1 14 
-0.4 -0.8 -1.6 -3.2 -4.6 -7.3 -9.1 -12.5 -16.4 -20.3 -22.3 -24.3 -21.4 -19.9 -17.6-13.9 -11 -8.4 -5.6 -3.8 -2.1 -1.2 0.5 0.4 0.7 0.9 1.1 1.4 
0.4 -0.7 -1.2 -2.4 -3.5 -5.3 -6.9 -9.3 -12.3 -14.2 -15.8 -17.2 -15.4-14.5 -13-10.6 -8.2 -6.3 -4.3 -2.8 -1.5 -0.8 -0.5 04 08 09 1.2 1.2 
0.4 -0.5 -0.7 -1.6 -2.5 -3.4 -4.9 -6.6 -8.6-10.4 -11.1-11.5-10.6 -10 -9.4 -7.7 -6 -4.5 -3.1 -1.9 -0.9 -0.5 04 0.5 09 09 12 12 
0.5 0.4 -0.5 -0.9 -1.6 -2.6 -3.2 -4.6 -5.9 -6.7 -7.7 -7.6 -7.2 -6.9 -6.5 -5.3 42 -3.2 -2.1 -1.1 -0.7 0.5 04 0.7 0.9 1.1 12 1.2 

0.7 0.4 -0.4 -0.5 -0.9 -1.6 -2.2 -3.1 -3.9 4.3 -53 4.8 -4.9 -4.5 -4.1 -3.3 -2.8 -2.1 -14 -0.8 -0.5 04 04 08 0.9 1.1 12 1.4 

0.8 0.5 0.4 -0.5 -0.5 -0.9 -1.2 -1.8 -2.5 -2.8 -3.2 -3.2 -3.1 -2.9 -2.6 -2.1 -1.6 -1.1 -0.7 -0.5 04 04 0.7 09 1.1 12 14 1.4 

0.9 0.8 0.5 0.5 0.4 -0.5 -0.7 -0.9 -1.2 -1.6 -1.8 -1.8 -1.6 -1.6 -1.4 -1.1 -0.7 -0.7 0.5 04 0.5 0.7 0.8 1.1 1.2 12 14 14 

1.1 0.9 08 0.5 0.4 0.4 -0.5 -0.5 -0.7 -0.7 -0.8 -0.8 -0.8 -0.7 -0.7 -0.5 -0.5 -04 04 04 0.7 09 09 12 12 14 14 14 

1.2 1.1 1.1 0.8 0.7 0.5 0.4 04 -0.4 -0.4 -0.5 -0.4 -0.4 -0.4 -04 04 04 04 05 0.8 09 1.1 1.1 12 12 14 14 14 

12 12 12 1.1 09 08 0.7 0.7 04 04 04 04 04 04 04 0.5 04 05 08 0.9 1.1 1.1 1.1 14 14 14 14 1.4 


Training Set 1: 81mm Mortar 
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2IC2DG 
2Gmei2e2 
19 1.4 
0.7 0.4 
5 5.3 5.1 4.5 3.5 2.1 04 0.7 -2.2 -1.9 -1.6 -0.7 
6.2 6 5.6 4.6 3.2 0.9 -1.5 -3.3 -5.5 -4.9 -4.5 -2.8 0.9 0.9 18 26 3.2 3.3 36 3.5 3.5 3.3 3.2 3.1 28 

5 3.1 -0.5 -4 6.9 -9.4 -8.7 -7.4 -5.3 -2.4 04 1.5 2.6 33 36 3.9 3.9 38 3.5 3.4 3.2 3.1 

7.9 79 7.3 5.7 3.2 -0.9 6 -9.8 -13.3-12.4-10.3 -7.3 -3.5 -0.5 14 26 3.5 3.9 41 42 4 38 36 3.3 3.2 
9.1 9.1 8.7 7.1 4.1 -0.7 -7.3 -12.3 -16.2 -15.5 -13.1 -9.4 4.6 0.7 12 28 3.9 42 4.5 4.3 43 4.1 3.8 3.5 3.3 
10.1 10.6 10.4 9 5.9 0.7 -6.6-13.1 -16.8 -17.1 -14.2 -10.3 -4.9 0.7 16 3.2 43 46 49 48 4.5 4.3 
11.4 12.1 12.5 11.4 8.7 3.8 -3.8 -10.8 -14.2 -15.9 -13.5 -10.1 -4.5 -0.4 2.2 3.8 49 52 5.3 


DO Z7.8002.7 9286 216) 2.62.6 “2IGMRIGG 2582.5 24 25 2.2 22 21 2.1 
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8.7 9.8 11.1 12.5 13.5 14.5 13.9 12.5 8.2 2.2 -5.3 -8.4-12.6-10.8 -8.3 -3.1 0.9 3.2 45 5.5 56 56 5.5 5.2 48 4.5 4.1 3.8 


9 10.4 11.7 13.3 14.8 15.8 16.1 15.2 12.8 8.6 1.9 -1.1 -6.9 -6.9 
10.6 
10.6 11.8 13.3 14.8 15.5 15.7 15.5 13.5 11.5 9.3 4.1 0.5 -1.5 -12 0.9 3.6 53 63 6.7 67 66 62 5.7 53 49 44 3.9 
10.3 11.4 12.5 13.5 13.4 
9.8 10.7 11.5 11.8 11.1 
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4.5 1.9 -2.4 -9.3 -20.9 -34.5 
3.3 0.9 -3.1 -9.1 -19 -31.3 
2.4 -0.5 -4.2 
1.1 -1.6 -6.3-12.5 -22 -32.6 
0.5 -3.5 -8.9 -16.1-27.2 -36 
-1.5 -4.9 -10.8 -18.5 -30.4 
-2.4 -6-12.3 -20.7 -32.8 
-2.9 -6.2 -12.2 -20.2 -32 
-2.6 -5.7 -10.8 -17.5 -28.2 
-2.4 -4.6 -8.9 -14.1 -22.2 -30.2 
-1.6 -3.3 -6.6 -10.3 -15.2 -21.2 
-0.9 -2.2 -4.3 -7.3 


Training 


13° Dh 96 4527 
9 6 04 -7.4-13.1 -22,3 -19.2 -16.9 -9.8 
10 10.1 9.9 83 5.5 -0.9 -9.7 -22.7 -30.6 -36 -33.2 -28.8 -19.8 -10.9 -3.1 
8.6 9 89 8.1 5.6 1.5 -6.6-18.5 -33.7 
7.9 82 7.9 6.5 3.9 -1.2 -9.6 -23.4 
rer” 69 
6.6 66 5.9 


-10 -19.2 -29.9 -35.2 -35.7 -30.6 


-11 -13.9 -17.5 -18.8 -19.3 -19.9 -17.6 -13.8 


-5 -5.5 -5.7 -3.5 -0.7 2.8 48 6 66 6.7 66 63 5.7 53 49 4.5 


5 04 32 52 6 65 63 62 56 5.2 4.9 4.5 


4 
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-36 -36 -36 -36-28.8-16.5 -6.9 0.9 2.2 3.9 5.2 5.5 5.5 53 49 46 43 3.9 


-36 -36 
-36 -36 
-36 -36 
-36 


-36 -36 -33.5 -20.2 -9.3 -2.6 1.1 3.2 43 48 5 49 46 43 4.2 3.8 
-36 -36-33.6-20.5 -9.7 -3.3 04 2.4 36 42 45 45 43 4.2 3.9 3.6 
-36 -35.9 -28.9 -16.8 -7.9 -2.9 0.5 18 3.1 3.5 3.9 4 4.11 3.8 3.8 3.5 
5635227 <1 910917 S32 -0SO)l.2 24 3 JAMSSMSINS 3.5 33 
-20 -12.4 -7.2 -4.3 -2.4 08 04 16 24 2.9 3.1 33 3.3 3.3 3.2 
-36 -36-33.9 -24.6-14.5 -10 -6.2 -4.3 -2.1 0.8 0.7 15 2.2 26 29 3.1 3.1 29 
-36 -36 -36 -36 -29.5 -18.7 -11.3 -8.2 -4.5 -2.2 -0.5 0.7 1.6 2.1 2.6 26 2.8 2.8 
-36 -36 -36 -36 -36-29.5-18.2-11.8 -7.2 -4 -1.5 -0.4 1.1 16 2.2 2.4 26 2.6 
-36 -36 -36 -36 -36 -34.9-22.8-14.5 -9 -4.9 -2.1 -0.7 0.7 14 19 2.22 24 2.4 
-36 -36 -36 -36 -36 -35.6-25.3-15.9 -10 -5.6 -2.6 -0.9 0.4 1.1 16 2.1 2.2 2.4 
-36 -36 -36 -36 -36 -33-24.1-15.2 -9.8 -5.6 -2.8 -0.9 0.4 0.9 1.6 1.9 2.1 2.2 
+36 -36 -36 -36 -35.6 -27.2 -20.2 -12.8 -8.7 -4.9 -2.5 -0.9 04 0.9 1.5 1.8 19 2.1 
-28.8 -29.2 -29.8 -29.4 -27-19.6-15.1 -10 -7 -4.1 -2.1 -0.7 04 0.9 14 18 1.9 2.1 
“11 -7.3 -5 -2.9 -14 05 05 1 1.5 17 19 2.1 


Set 1: 105mm Artillery 
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41 43 49 52 59 65 7.2 7.7 84 9.1 9.6 9.8 10.7 10.6 10.3 98 98 9 87 7.7 72 62 5.6 
43 45 5.3 56 66 7.2 7.9 86 9.7 10.3 11.1 11.7 12.4 118 12.3 11.4 11.3 106 9.8 84 82 69 62 55 49 43 3.9 3.5 
aro 4°99" 9.7, 6277.2, 7.7°89.9.4. 1 ALS 12.813.2.13.9, 13.9 14.2,13.5.13.5 18 11-96 9.76 67 59052 46 42538 
49 5 6 65 76 8.3 9.6 10.1 11.7 12.7 14.5 15.1 16.2 15.9 16.5 15.5 15.2 13.7 12.4 10.7 9.8 84 7.3 63 56 49 43 41] 
19.3079. Oto Oded Gh6-43 
LOPS NMA SOF 218.6 20592079207 205193 1755 15.2. 1310 
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0.4 
-0.5 
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-0.5 
-0.5 
-0.5 
-0.5 
-0.5 
0.4 
0.4 
0.4 
0.5 
0.8 
0.9 
0.9 
1.1 


anes G20. 79 8.7 
SHS GME 7.98.9 


5 53 62 6.7 7.7 86 9.6 10.7 12.5 14.4 17.3 19.5 21.9 22.7 23.6 22.6 21.3 


10 10.7 12.4 13.7 16.1 17.1 18.5 186 19 18.2 17.3 15.8 13.9 12 


5 45 4 36 3.3 


84 7.2 63 5.5 48 4.5 


19 16.1 13.9 12.1 10.3 8.7 7.3 6.5 56 49 45 


48 5.2 5.7 63 7.2 7.9 86 9.7 11.1 13 16.5 19 21.3 23.6 24.1 23.6 22 19.7 16.6 14.2 12.3 10.6 89 7.4 66 56 4.9 4.6 
45 48 5.3 5.6 62 6.7 7.7 84 10.1 13.4 16.6 18.3 22.7 22.9 23.3 21.4 19.6 16.5 14.1 12.3 10.6 8.7 74 66 56 49 46 46 
4143 45 46 46 5 45 49 42 56 82 11.7 12.1 18.9 19.9 20.3 19.6 18.1 15.4 13.2 11.4 10.1 82 7.2 65 5.5 49 46 
1.2 1.1 -0.7 -0.4 -0.5 3.5 3.3 11.1 13.9 15.4 14.4 14.7 13.2 11.7 10.1 9.4 7.7 6.7 6 52 46 4.5 
2.8 2.9 2.2 1.9 0.4 -0.5 -3.1 -4.3 -7.2 -7.6-10.6 -7.9 -9.4 -1.1 32 6 779 96 9 82 76 6.7 
2 2.1 0.9 0.8 -2.1 -3.1 -6.2 -9.6 -14.5 -15.5 -20.7 -22 -20.9-13.8 -11 -5.3 -1.5 1.9 52 62 56 66 56 5.3 49 4.5 3.7 3.9 
1.2 1.1 -0.4 -1 -3.5  -6-12.1 -13.5 -20.5 -25.3 -29.9 -32.8 -33.7 -29.5 -21.6-16.1 -9.4 -3.3 0.5 2.5 3.3 38 43 42 42 3.9 3.5 3.6 
0.5 0.4 -1.2 -2.5 -5.7) -9-15.5 -18-26.5-32.6 -36 -36 -36 -36 -32.2 -26.5 -16.9-10.3 -38 -1.1 0.8 1.9 2.9 3.3 3.3 3.3 3.2 3.2 
0.5 -0.7 -2.5 -3.8 -7.9-11.4-18.8 -23-32.5 -36 -36 -36 -36 -36 -36-32.8 -25-16.8 -8.2 -4.9 -14 04 16 24 2.5 38 28 2.8 
0.8 -1.6 -3.3 -5.5 -8.9-14.8 -20.9 -27.4 -34.5 -36 -36 -36 -36 -36 -36 -36-31.1 -22.2-12.5 -8.2 -4.1 -1.2 04 16 19 32 24 2.4 
“1.1 -2.1 -4.2 -5.9 -10-15.8 -23.1 -28.8 -35.6 -36 -36 -36 -36 -36 -36 -36 -33.6 -26.1 -14.7 -10.6 
“1.5 -2.6 -4.8 -6.6 -10.8 -16.2 -24.1 -29.2 -35.9 -36 -36 -36 -36 -36 -36 -36 -34-27.9 -16.6 -11.5 
“1.6 -2.6 -4.8 -6.7 -10.6 -14.9 -23.4 -28.2 -34.9 -36 -36 -36 -36 -36 -36 -36 -33 -27.7 -16.8 -11.8 
-1.6 -2.6 -4.6 -6.3 -10-14.8 -21.4 -25.8-32.5 -36 -36 -36 -36 -36 -36 -36-31.1 -25.6 -15.8 -11.7 
-1.6 -2.5 -4.3 -5.9 -8.9 -13 -18.8 -21.9-27.7 -33 -36 -36 -36 -36 -36 -34 -31-22.6-14.5 -11 6.9 -4.6 -2.4 -0.9 -0.5 0.4 0.9 1.1 


S1603:8 316°3.6 2183.1 


1.4 -2.2 -3.8 -5.3 -7.9 -11.4 -15.6 -18.6 -23.1 -28.2 -31.8 -34.9 -33.6 -34.3 
-1.1 -1.9 -3.2 -4.5 6.5 -9.4 
0.8 -1.5 -2.5 -3.8 -5 -7.7 -9.7 -12.1-14.4 -17.8 -18.2 -21.3 -20.9 -20.6 -20.3 -17.3 


“0.5 -1.1 -1.9 -2.9 -3.9 -5.7 
-0.5 -0.7 -1.4 -2.1 -2.9 -4.5 


0.5 0.4 -0.4 -0.7 -0.8 -1.4 
0.8 04 04 -0.5 -0.5 -0.8 


-5.6 -2.6 
6.9 -3.5 
-7.4 -4.5 
-7.3 428 


6 5.5 49 43 4.2 


0.7 08 1.1 16 1.9 2.1 
-1.5 -0.4 0.5 1.1 16 1.8 
-2.1 -0.7 0.4 0.7 1.2 1.5 
2.4 08 -0.5 04 1.1 1.2 


-32 -29.4 -27.8 -19.3 -12.7 -9.6 -6.2 -4.2 -2.2 -0.9 05 04 08 0.9 


-13 -15.1 -18.5 -23.2  -25 -27.7 -26.7 -28.1 -25.7 -21.9 -23 -15.2 -10.4 -8.2 -5.3 -3.8 -1.9 -0.8 -0.5 04 08 0.9 


-19-11.7 -8.6 -6.6 -4.3 -3.1 -1.6 -0.7 0.4 0.4 08 0.9 


-7 -8.9-10.6 -13 -13.7 -14.8 -15.4 -14.7 -13.8 -13.5 -14.5 -9.3 6.2 -5 -3.4 -2.6 -1.2 -0.7 04 04 08 0.9 
-5.7 -6.7 -8.2 -9.4 -10-11.4-10.7 -11.1-10.3 -10-10.1 -6.7 -4.5 -3.9 -2.6 -16 -0.9 -0.5 04 04 08 0.9 
0.4 -0.5 -0.9 -1.6 -2.2 -3.3 -4.2 -4.9 -5.9 -7.2 -7.3 -8.2 -79 -8 -7.4 -74 -8.3 -5.2 -3.6 -2.8 -1.9 -1.2 -0.7 -0.4 0.5 0.5 0.8 0.9 
0.4 -0.5 -0.5 -0.9 -1.4 -2.2 -3.1 -3.5 -3.9 -4.8 -5.2 -5.6 -5.5 -5.6 -5.2 -5 -6.5 -3.5 -2.4 -1.8 -1.1 -0.8 -0.5 0.4 05 06 08 0.9 


“1.8 -2.4 -2.6 -3.2 -3.3 -3.9 -3.6 -3.8 -3.6 -3.3 -4.2 -2.4 -1.6 -1.2 -0.7 0.5 04 0.4 08 0.7 0.9 09 
1.1 -1.5 1.6 -2.2 -2.1 -2.6 -2.5 -2.6 -2.5 -2.4 -2.9 -1.5 -0.9 -0.7 -0.5 04 04 05 08 08 09 1.1 


0.9 0.5 0.5 04 04 -0.5 -0.9 -0.8 -0.9 -1.2 -1.2 -1.5 -1.5 -1.6 -1.5 -1.2 -1.9 -0.8 -0.5 -0.5 04 04 0.5 0.7 08 0.9 0.9 1.1] 
1 08 0.7 0.5 04 0.4 -0.4 -0.5 -0.5 -0.7 -0.7 -0.8 -0.8 -0.9 0.8 -0.7 -0.7 -0.5 -04 04 04 05 0.7 08 08 0.9 1.1 1.1 


Training Set 1: 105mm HEAT 
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B54) 4755 667.7 9 10:8°12-7015.5°18.1 Ze2DdGe2BHVQV7AeZE.S BZe7TeDWB7 ODI VIS SAS Ose Ges 438 8 3.3 

4249 56 6.9 8 9.6 11.7 13.9 16.9 20 23.6 26.8 29.2 30.8 31.1 29.8 27.5 246 20.9 17.8 14.7 12.8 10.4 8.7 7.3 6.2 5.3 4.5 3.9 3.5 
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5:6 
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4.6 
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FZ 
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7 
om 
4.3 
5 
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1.8 
le? 


6.7 
5.6 
4.5 
a5 
2: 
0.9 
0.4 


10 


12.3 14.7 17.8 21.4 25.4 28.9 31.8 33 33.6 32 30.4 26.8 23 19.3 15.9 13.7 11.1 9.1 79 66 56 48 4.2 3.6 


10 12.3 14.5 17.8 21.3 25.3 29.2 31.8 33.6 33.9 33 30.9 27.9 23.7 20 16.6 14.2 11.5 9.4 7.9 67 57 49 43 3.8 
Set Ors 8.216 
6.6 7.6 8.9 


79 
6.3 
4.6 
2 
le) 

-0.5 

-1.4 


0.8 -0.5 -2.3 


0.5 
0.4 


-0.7 
-0.7 


0.4 -0.6 


0.5 
0.8 
0.9 
1.1 
1.1 
0.9 
0.8 
0.5 
0.4 
0.4 
-0.5 


0.4 -0.5 
0.4 -0.5 
0.4 -0.5 
0.4 -0.5 
0.4 -0.5 


0.4 
0.4 


-0.5 
0.4 


-0.5 
0.4 
0.5 
0.7 
0.8 
0.7 
0.4 
0.4 

-0.5 

-0.7 
-0.9 

-1.1 
-1.2 

-1.2 

“1.1 

-0.9 

-0.7 

-0.5 


-2.6 
-2.5 
-2.2 
-1.6 
-0.8 
-0.5 
0.4 
0.4 
0.4 
-0.5 
-0.7 
-1.1 
-1.6 
-2.2 
-2.4 
-2.6 
-2.6 
-2.2 
-1.9 
-1.5 
-1.1 


11.7 13.8 16.9 19.7 23.4 26.8 29.2 31.3 31.9 32.2 29.4 27.1 23 19.7 16.5 14.1 11.5 96 8 6.7 5.7 49 43 3.8 
10.6 12.4 14.4 16.8 18.9 21.6 22.9 25.5 25.8 27.4 25.3 24.4 21.3 18.6 15.8 13.7 11.3 9.4 7.9 6.7 5.7 4.9 43 3.8 
8.9 10.1 11 12.3 11.8 14.1 12.4 15.1 15.1 17.8 17.8 19.2 17.5 16.6 14.4 12.5 10.6 9 76 66 56 48 43 3.8 
6.6 6.9 66 6 3.5 3.3 08 2.1 0.7 6.5 8.6 13.4 12.4 13.4 11.8 11.3 9.4 83 72 62 5.5 48 42 3.8 

4 3.2 1.2 -0.8 -6.2 -8.4-15.2-13.2-15.2 -5.6 -1.8 49 6.7 9.4 89 9.1 82 7.4 66 5.7 5.1 45 4.1 3.6 

1.5 -0.4 -3.6 -7.9 -15.2 -21.3 -28.8 -28.7 -27.5 -20.2-12.4 -3.9 0.8 46 52 7 66 65 5.7 53 4.7 43 3.9 3.5 
-0.9 -3.1 -8.7 -13.8 -24.3 -31.6 -36 -36 -36-31.1 -25-12.5 -5 05 25 46 5 53 5 49 4.5 4.1 3.8 3.3 
-2.9 -6-12.4-19.6-30.9 -36 -36 -36 -36 -36-32.9 -21 -1] -3.9 -0.5 2.2 33 42 43 43 4.1 3.8 3.5 3.2 
4.2 -8.3 -14.9 -23.4 -33.9 -36 -36 -36 -36 -36 -36-27.4-16.1 -7.6 -3.1 0.4 2.1 3.3 36 3.8 3.6 3.5 3.3 3.2 
-5.3 -9.8 -16.8 -25.7 -35.6 -36 -36 -36 -36 -36 -36-30.5-19.3-10.1 -5 -1.2 0.8 24 2.9 3.3 3.3 3.2 3.1 2.9 
-5.7 -10 -16.9-25.5 -35.5 -36 -36 -36 -36 -36 -36 -32-20.7-11.4 -6.3 -22 04 16 24 2.8 2.9 3.1 2.9 2.8 
-5.2 -9-15.2 -22.9 -32.6 -36 -36 -36 -36 -36 -36-30.8-19.6-11.4 -6.3 -2.6 -0.5 12 2.1 2.5 28 28 28 2.6 
4.6 -7.8 -12.4 -19.6 -27.5 -35.2 -36 -36 -36 -36 -33.9 -27.2-16.5 -9.6 -5.5 -2.4 0.5 1.1 19 2.4 26 26 2.6 2.6 
-3.5 -6 -9.3 -14.6 -20.6 -27.7 -31.9 -33.9 -35-29.3 -24-19.9 -11.8 -7.2 -3.9 -16 0.4 12 19 23 2.4 2.5 2.5 2.5 
-2.1 -3.8 -5.6 -9-12.7-19.3 -18.8 -22-21.3 -19-16.4-13.5 -7.9 -4.9 -2.5 -0.8 0.5 1.3 1.9 2.2 2.4 2.4 2.4 2.4 
1.1 -2.2 -3.7 -5.6 -7.7 -10.7 -10.7 -12.7 -11.7 -10.7 -7.9 -6.9 -4.1 -2.6 -08 04 0.9 1.5 19 2.2 2.2 2.4 2.4 2.2 
-0.7 -1.2 -2.1 -3.3 -4.3 -5.9 -6 -6.6 -5.9 -5.3 -4.1 -3.2 -1.2 -0.7 04 0.8 13 1.6 19 2.1 2.2 22 2.22 22 
-0.5 -0.9 -1.6 -2.6 -3.8 -4.6 -5.9 -5.9 6.2 -4.5 -3.2 -1.8 -0.9 -04 04 09 14 1.6 1.9 2.1 2.1 2.1 2.1 2.1 
-0.5 -1.1 -2.2 -3.3 -5.3 -6.6 -9 -9.4-10.1 -7.3 -5.5 -3.2 -1.9 -0.5 0.4 0.7 1.1 1.5 16 1.9 1.9 2.1 2.1 2.1 

-0.9 -1.9 -3.6 -5.5 -9-10.3 -14.5 -16-17.5 -13.2-10.1 -6.9 -4.5 -2.1 -1 04 0.5 1.1 14 16 18 1.9 1.9 1.9 
1.6 -3.1 -5.1 -7.9 -12.5 -15.6 -20.9 -23.4 -25 -19-16.1-11.1 -7.2 -3.8 -2.5 -0.8 -0.4 0.7 1.1 1.5 16 16 1.8 1.8 
-2.4 -4.2 -6.7 -10.3 -15.8 -20.6 -26.5 -30.2 -30.6 -26 -21.3 -15.5 -10.7 -6.2 -3.9 -1.8 -0.7 0.4 0.7 12 14 1.5 16 16 
-3.2 -5.3 -8.3 -12.5 -18.9 -24.6 -31.2 -34.2 -34.7 -31.6 -26.4 -19.5 -13.5 -8.3 -5.6 -3 -1.4 -05 04 09 1.1 14 1.5 1.6 
-3.8 -6.2 -9.4 -13.9 -20.7 -27.5 -33.2 -36 -36 -34.3 -29.6 -22-15.6 -9.8 -6.7 -3.8 -1.9 -0.8 -0.4 0.7 0.9 1.2 1.4 1.5 
-3.9 -6.6 -9.7 -14.4 -21.2 -27.9 -33.2 -36 -36 -35 -30.8 -23.7-16.8 -11 -7.6 -4.5 -2.5 -1.1 0.5 0.4 0.8 1.1 1.2 1.5 
4.1 -6.6 -9.7 -14.1 -20.5 -26.8 -31.8 -35 -35.2 -33.6 -29.2 -22.4-16.1 -11 -7.6 -4.6 -2.6 -1.3 -0.5 0.4 0.7 09 12 1.4 
-3.9 -6.2 -9-13.1-18.2 -24.3 -28.4 -31.8 -31.9-30.8 -26-20.5-14.8-10.1 -7 -4.5 -2.6 -14 -0.5 0.4 06 0.9 1.1 14 
-3.5 -5.5 -7.9 -11.1-15.2 -20.3 -23.1 -26.4 -26.8 -25.8 -21.7-17.8 -13 -9 -6.6 -4.2 -2.4 -1.3 -0.5 0.4 0.5 0.9 1.1 1.2 
-3 -4.7 6.6 -9.3 -12.1 -15.9 -17.5 -21.2 -20.2 -19.9 -17.5 -14.2-10.4 -7.7 -5.5 -3.6 -2.1 -1.1 -0.5 0.4 0.5 0.9 1.1 12 
-2.4 -3.9 -5 -7.2 -9.4-12.4 -13.2 -15.5 -14.7 -14.4-12.7-10.7 -8 -6 -4.3 -2.8 -1.6 -0.8 -0.5 04 0.5 0.9 1.1 1.2 
-1.8 -2.8 3.9 -5.3. -7 -8.4 -9.4-10.3-10.4 -10 -9 -7.7 -6 -4.8 -3.3 -2.]1 -1.2 -0.7 -0.5 04 0.7 0.9 1.1 1.2 


Training Set 2: 3-5in Rocket 
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Pemromie 22 2.4 2002.6 3135 3.5 536 SON S9 3.9 3.8 3.6 3.5 33 3 24 26 24 2.4 19 19 14 14 TY Ta 12 
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23) 
1.9 
1.6 
1.4 
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0.4 
0.4 
0.4 
0.4 
0.4 
0.4 
0.4 
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0.5 
0.5 
0.6 
0.7 
0.8 
0.8 
0.8 


eo 
2.1 
22 
25 
2.6 
2:7 
2.8 
2.8 
28 
2.6 
2.4 
22 
1.8 
1.4 
0.9 
0.5 
0.4 
0.4 
-0.5 
-0.5 
-0.5 
-0.5 
-0.5 
-0.5 
-0.4 
0.4 
0.4 
0.4 
0.4 
0.5 
0.5 
0.7 
0.5 
0.5 


2.1 
2.4 
2.6 
2.8 
Se 
322 
33 
3:3 
5.3 
3.1 
2.8 
2.4 
1.8 
1.2 
0.8 
0.4 
-0.5 
-0.5 
-0.7 
-0.8 
-0.8 
-0.8 
-0.7 
-0.7 
-0.5 
-0.5 
-0.4 
0.4 
0.4 
0.4 
0.5 
0.5 
0.7 
0.8 


2.4 
2.6 
2:9 
3.3 
35 
3.8 
39 
3.9 
a 
3.8 
33 
2.8 
22 
12 
0.4 
-0.5 
-0.9 
-1.3 
-1.5 
-1.6 
-1.6 
-1.5 
-1.2 
-1.1 
-0.8 
-0.7 
-0.5 
-0.5 
0.4 
0.4 
0.4 
0.5 
0.5 
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2.6 
3.1 
3.3 
Bo] 
4.) 
43 
4.6 
48 
4.6 
4.3 
3:9 
3.1 
2.1 
0.7 
0.4 
-1.2 
-2.1 
-2.4 
-2.6 
-2.8 
-2.6 
-2.4 
-2.1 
-1.6 
-1.2 
-0.9 
-0.7 
-0.5 
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2.9 33 3.6 3.9 42 45 46 46 46 46 43 42 3.9 36 28 2.9 26 2.4 22 2 1.5 1.5 12 1.4 12 
S900 420485 4.5 55 S:6uSeS) S6eS3eededdSad 2S esSesde26e24w2) l.b6eh6eksekseld 
Sromeeaeg me seS S-OMGISOT TNE 67°65 6 513° 4.943933 2.97216 24 1.9.18 1.6.1.5 14 

42 49 5.6 63 7.2 7.7 83 84 84 82 7.6 7.3 65 5.7 49 43 38 3.3 29 26 22 1.9 18 1.5 15 

46 5.5 65 74 84 9.6 10 10.7 10.1 10.1 93 89 7.4 6.7 56 4.9 42 3.6 3.2 26 24 2.1 18 1.5 1.5 

5.2 6.2 7.3 84 9.6 11.1 11.8 12.7 12.4 12.3 11 10.1 86 7.7 63 56 46 3.9 33 2.9 24 21 19 16 1.6 
5.5 6.7 8 9.7 11.3 12.8 14.1 14.8 14.5 14.5 13 11.8 9.8 86 7.2 6 5 42 3.5 3.1 2.5 22 19 16 1.46 

5.7 7 84 10.3 12.4 14.3 15.8 17 16.6 16.6 14.9 13.2 11 94 7.7 66 5.3 4.3 3.6 3.2 2.6 2.2 2.1 18 1.6 
5.6 7 8.7 10.6 12.7 14.9 16.9 18.2 18.5 17.9 16.2 14.1 118 98 8 67 5.5 4.5 3.8 3.2 26 24 2.1 18 1.6 
Sera oe Tet lato 1G 217 SMS nT 916442. 1 9.8°8926.7S:5 415 3.8 326° 2:2 2:1, 18 1.6 
4.6 5.6 6.7 82 9.4 11.3 13.2 14.4 16.5 15.5 148 13 11.1 9.6 76 6.5 5.2 43 3.6 3.2 2.6 2.2 2.1 18 1.6 
Some Ss SS 6.27  ROMITS 107 11a a8 9s S657 48 59°33 S725 22°99 TS He 

2.4 22 1.8 1.2 04-11 -1-12 12.9 29 5 52 62 5.7 52 48 39 33 3 26 22 2.1 18 1.6 1.5 

0.7 -0.5 -1.6 -3.9 -6.2-11.1 -11-12.3 -9.7 -6.5 -3.6 05 2.5 3 3.5 3.2 3.1 28 26 24 2.1 18 16 1.6 1.5 

0.9 -2.2 -5 -8.3 -12 -19 -20.6 -23.6 -19.2 -16.9-10.7 -5.5 -1.9 -0.5 1.2 1.8 2.1 2.1 2.1 1.9 18 16 1.6 1.5 1.5 
-2.6 -4.3 -7.5 -11.7 -16.7 -22.9 -27.8 -29.5 -26.8 -24.8 -16.5 -10.6 -5.7 -3.1 -0.7 0.4 1.1 1.4 1.5 1.5 1.6 1.5 1.5 1.4 1.4 
3.5 -6 -9.4 -13.9 -19.9 -26.4 -31.6 -33.3 -31.3 -28.7 -20.7 -14.4 -8.6 -5.5 -24 -1 0.4 0.7 1.1 1.1 14 1.3 14 1.2 1.2 
4.1 -6.2 -10 -14.8 -20.1 -26.5 -32.2 -33.9 -33.3 -30.5 -23.7 -17.2 -11.3 -7.6 -3.9 -2.4 -0.7 04 0.5 0.8 1.1 1.1 1.2 1.1 12 
4.5 -6.7 -10.4 -14.5 -20.2 -25.4 -31.6 -32.9 -32.6 -29.6 -23.7 -17.9 -12.1 -8.3 4.8 -3.1 -1.2 0.5 04 0.5 08 0.9 1.1 1.1 1.1 
4.5 -6.6 -10-13.4-18.6 -23 -28.8 -29.5 -30.4 -26.8 -22.2 -16.9 -12.3 -8.4 -5.2 -3.3 -1.6 -0.7 -0.5 0.4 0.7 0.8 0.9 0.9 1.1 
4.2 -6 -9-11.7-16.2 -19 -24.6 -24.6 -25.5-22.4 -19-15.2-11.3 -8.2 -5.2 -3.3 -1.8 -0.9 0.5 04 0.5 0709 09 1 
3.8 -5.3 -7.7 -9.8 -13.2-15.8 -19-19.6 -20.6 -18.1 -16.2 -12.5 -9.7 -7.2 -4.8 -3.2 -1.8 -0.9 05 04 04 0.7 0.8 0.9 0.9 
-3.1 4.3 -6.2 -7.9 -10.7 -11.8 -13.2 -14.8 -16.6-14.1 -13 -9.7 -8 6.2 42 -2.9 -1.6 -0.9 0.5 0.4 0.4 0.7 08 08 09 
-2.6 -3.5  -5 -6.1 -8.3 -9.1 -11.4 -11.1-12.3 -10.6 -10 -7.6 -6.2 4.8 -3.3 -2.4 -1.4 0.7 0.5 04 04 0.7 0.8 0.8 0.9 
-2.1 -2.8 -4 4.8 -6.2 -6.9 -8.3 -8.3 -8.9 -7.6 -7.3 -5.7 4.9 -3.8 -2.6 -1.8 -0.9 0.7 0.5 0.4 04 0.7 0.8 0.8 0.9 
-1.5 -2.1 -2.9 -3.5 4.5 4.8 -5.6 -5.7 -6.3 -5.3 -5.3 4.1 -3.8 -2.9 -1.9 -1.4 0.8 -0.5 -04 04 0.5 0.7 0.7 0.8 0.9 
-0.9 -1.4 -2.1 -2.5 -3.2 -3.3 4.1 -3.9 4.6 -3.6 -3.3 -2.7 -2.5 -1.9 -1.5 -0.9 0.7 -0.5 04 0.4 0.5 0.7 0.8 0.8 0.9 
-0.7 -0.9 -1.3 -1.6 -2.1 -2.2 -2.6 -2.6 -3.1 -2.4 -2.4 -1.9 -1.8 -1.2 -0.8 -0.7 -0.5 -0.4 04 04 0.5 0.7 0.7 0.8 0.9 
-0.5 -0.7 -0.8 -1.1 -1.4 -1.5 -1.8 -1.8 -2.1 -1.6 -1.5 -1.2 -1 -0.8 -0.7 -0.5 04 04 04 04 0.5 0.8 0.7 08 0.9 

-0.5 0.5 -0.5 -0.7 -0.8 -0.8 -0.9 -0.9 -1.2 -0.9 -0.9 -0.7 -0.7 -0.5 0.5 04 04 04 04 0.5 0.7 0.8 0.7 0.9 0.9 

0.4 0.4 -0.5 -0.5 -0.7 -0.5 -0.6 -0.7 -0.7 -0.7 -0.7 -0.5 -0.5 0.5 0.5 04 04 04 04 0.7 0.7 08 0.7 0.9 0.9 

0.4 0.4 0.4 0.4 -0.5 -0.5 -0.5 -0.5 -0.5 -0.5 -0.5 04 04 04 04 04 04 0.4 0.4 0.7 0.7 08 0.7 0.9 0.8 

04 04 04 04 04 04 04 0.4 04 04 04 04 04 04 04 05 05 04 04 08 0.8 0.9 0.7 09 0.9 

0.5 0.5 0.5 04 0.4 04 04 04 04 04 04 04 04 0.5 04 06 05 0.4 04 08 0.8 09 08 0.9 0.9 


Training Set 2: 60mm Mortar 
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B.l 3.33 3.8 4.2 48 5.5 
42.46 5.5 62 69 82 9 10 1) TEP IZP WZ W7 14106 10 98973 "6695.9" 52 “4:64.16 53 20M 24 
6 7.2 82 9.4 10.6 12.3 13.4 14.4 15.2 15.2 14.7 13.9 12.5 11.7 106 9.6 84 7.4 6.7 5.7 52 4.5 3.9 3.5 3.1 2.6 2.5 


ono 
aD 
3.8 
3.9 
4.1 
4.2 
4.2 
4.2 
4.1 
oo 
3.6 
3.3 
3 
2.6 
2.2 
1.8 
LS 
| 
bl 
0.9 
0.8 
0.7 
0.7 
07 
0.8 
0.8 
0.8 
0.9 
0.9 
0.9 
1.1 
1.1 
1 
V2 


3.6 
or 
4.2 
4.5 
4.6 
4.8 
4.8 
4.8 
46 
4.3 
3.9 
3.6 
312 
2.6 
2.1 
1.6 
Iz 
0.9 
0.7 
0.5 
0.4 
0.4 
0.4 
0.4 
0.4 
0.5 
0.7 
0.8 
0.8 
) 
0.9 
oF 
1.1 
1.1 


4.5 
4.9 
2.2 
a: 
5.6 
5.6 
5.6 
3 
5 
4.5 
a9 
3.3 
2.6 
ro 
IES 
0.9 
0.5 
0.4 
-0.5 
-0.5 
-0.5 
-0.5 
-0.5 
-0.5 
0.4 
0.4 
0.4 
0.5 
0.5 
0.7 
0.8 
0.9 
i 


5 
5.6 
6 
6.2 
6.6 
6.6 
6.5 
62 
5.6 
5 
43 
3.5 
2.5 
1.6 
0.8 
0.4 
0.5 
0.7 
0.9 
0.9 
-0.9 
0.9 
-0.8 
0.7 
0.5 
0.4 
0.4 
0.4 
0.5 
0.8 
0.8 
0.9 
1.1 


6.6 “79 
7.2 8.6 
ay oa 


6 6.7 74 83 9°93 DEPTOG 94°87 S27 TCT Oo 57) S246 42 3:8 3:33.) Poern2? 


8.9 10.8 12 14.4 15.8 17.3 18.2 18.1 17.5 16.5 15.1 13.9 12.4 11.1 9.6 86 7.4 65 56 49 43 38 33 2.8 2.6 
10 12.3 13.8 16.8 18.9 20.7 21.9 21.9 20.6 19.6 17.8 16.1 14.4 12.8 108 98 83 7.2 62 52 46 3.9 3.5 3.1 2.6 
10.7 13.4 15.2 18.8 21.9 24.3 25.5 25.5 24.6 22.7 20.3 18.3 16.5 14.5 12.3 10.8 9.1 7.9 6.7 56 4.9 42 3.6 3.3 2.8 


§ 9.7 11.7 14:5 17205 24268 28.7 29.9 27:9 26.3°23.1 21 1830164135 11.8 10 8.4 7i2esOm 5 428 33 2.9 


8.2 9.8 


11.8 14.7 17.5 21.2) 25 27.9 30.4 30.9 30.1 28.7 25.7 23.3 20.5 17.8 14.7 12.7 10.6 8.9 7.4 62 5.3 4.5 3.9 3.3 3.1 


8 9.6 11.7 14.4 16.9 20.3 24.1 27 29.2 30.1 30.1 28.5 27.1 24.4 21.4 185 15.4 13 108 9 76 63 5.3 4.5 3.9 3.5 3.1 


7.6 8.9 
6.7 7.9 
5:9.1677 
a ee 
3.8 3.3 
2.4 1.6 
1.1 0.4 
-0.5 -1.2 
-0.9 -2.4 
1.4 -3.2 
-2 -3.8 
-2.2 -4.1 
-2.2 -4 
-2.1 -3.8 
-1.9 -3.2 
-1.6 -2.8 
“1.2 -2.2 
-0.9 -1.6 
-0.7 -1.2 
-0.5 -0.7 
0.4 -0.5 
0.4 0.4 
0.5 0.4 
Or/"0r) 
0.8 0.7 
0.9 0.8 


WTS.) 15.6 18.2°20.7 22.6 24.8243" 26°23.8 °° 25 23.1 209° 17.9 152 127 10.8 $7 7.6 62 5.5 45 3995.5 3.1 
9.6 11.1 12.5 13.9 15.5 14.5 14.7 13.4 17.8 15.2 20.2 18.6 18.5 16.2 14.5 12.1 104 84 73 6 52 43 3.9 33 3.1 
7.7 84 9.1 9.1 65 6.6 3.5 12: 3.6 3.3°113 10.7 13.9 13:4 12:5 10.6 9:45 796.9 56 4942931833 2.9 
5.6 5.5 5 28 -0.9 -4.3 -8.4-14.5-11.3 -9.6 -16 1.9 82 9 98 84 8 67 62 52 46 3.9 36 32 28 
3.3 0.9 0.4 -3.3 -9.3 -15.6 -23.3 -30.1 -30.9 -25.8-12.4 -7 18 38 56 57 652 5 43 41 36 3.3 3 2.6 
1.1 -1.5 -3.9 -9.8 -17.5 -25.8-32.5 -36 -36 -36-24.8-18.3 -6.7 -26 12 2.9 38 3.8 4.1 3.6 3.5 3.2 3.1 2.9 2.5 
-0.9 -4.9 -8 -15.2 -23.4-32.5 -36 -36 -36 -36 -36-26.4-14.2 -84 -24 04 16 22 28 28 3.1 28 26 2.5 2.4 
-3.2 -6.7 -12 -19.3 -28.7 -35.9 -36 -36 -36 -36 -36 -32.9-21.3-13.4 -6.3 -2.6 -0.7 0.8 1.6 2.1 2.4 2.4 24 2.2 22 

-S -9.3 -14.8 -23.6 -32.3 -36 -36 -36 -36 -36 -36-35.6-25.7-17.5 -9.1 -5 -2.1 -0.5 0.8 14 1.9 1.9 2.1 2.1 2.1 

-6 -10-15.8 -24-33.2 -36 -36 -36 -36 -36 -36 -36-29.8-20.9 -12 -7.2 -3.9 -1.6 -0.5 0.6 1.4 1.5 16 1.8 1.9 
-6.6 -10.8 -16.3 -24.7 -33.5 -36 -36 -36 -36 -36 -36 -36-30.6-22.3 -13 -8.4 -4.8 -2.5 -0.7 04 0.9 1.1 1.5 16 1.46 
-6.6 -10.8 -16.1 -23.6 -32.3 -36 -36 -36 -36 -36 -36 -36 -30 -22-13.8 -8.9 -5.5 -2.9 -1.2 -0.5 0.5 09 1.2 14 1.46 
-6.5 -10.1 -15.1 -21.3-19.2 -35 -36 -36 -36 -36 -36-34.9 -28.1 -20.7 -13.2 -8.9 -5.6 -3.2 -1.5 -0.6 04 0.8 1.1 1.2 1.5 
-5.9 -9.1 -13.4-18.5 -25-30.9 -36 -36 -36 -36 -36-31.1 -24-18.3-12.1 -8.2 -5.5 -3.2 -1.6 -0.7 0.4 06 0.9 1.2 1.4 

-5 -7.9 -11.3 -15.2 -20.2 -24.7 -30.9 -35 -35.4 -32.6 -31.3 -24.7 -19.6-15.5 -10.6 -7.3 -4.9 -2.8 -16 -0.7 0.4 0.5 0.9 1.1 12 
4.3 -6.6 -9.3 -12.4 -16.2 -19.3 -24.3 -26 -27.9 -25.4 -23.8 -19.6-15.1-11.8 -8.4 -6 -4.2 -2.4 -1.4 -0.5 0.4 0.5 0.8 1.1 1.2 
-3.5 -5.3 -7.3 -9.4-12.1 -14.2 -18.5 -18.5 -20.1 -18.8 -18.2-14.8 -12 -9.1 -6.7 -4.9 -3.3 -1.9 -1.1 -0.5 0.4 0.5 0.8 1.1 1.2 
-2.6 -4.1 -5.5 -7 -8.9-10.7 -13 -13.2-14.2-13.5 -13-11.3 -8.9 -7.2 -5.2 -3.8 -2.6 -1.5 -0.8 -0.5 0.4 0.6 0.9 1.1 1.2 
“1.9 -2.9 -42 -5 -6.3 -7.4 -9 -9.3 -9.8 -9.3 -9.1 -7.7 -6.6 -5.2 -3.9 -2.6 -1.8 -1.1 -0.5 0.4 04 0.7 0.9 1.1 1.2 
1.2 -1.9 -2.8 -3.8 -4.3 -4.9 -6.2 -6.5 -6.9 -6.6 -6.6 -5.5 -4.5 -3.8 -2.8 -1.8 -1.2 -0.7 -05 04 05 08 0.9 1.1 1.2 
0.7 -1.2 -1.9 -2.4 -2.9 -3.5 -4.2 -4.3 46 -4.2 -4.3 -3.8 -2.9 -2.5 -1.6 -1.1 -0.7 -0.5 04 04 0.7 08 0.9 1.1 1.2 
0.5 -0.7 -1.1 -1.5 -1.9 -2.2 -2.6 -2.6 -2.9 -2.8 -2.6 -2.2 -1.8 -1.6 -0.9 -0.7 0.5 04 04 05 08 0.9 1.1 1.1 1.2 
0.4 -0.5 -0.7 -0.8 -1.1 -1.2 -1.6 -1.6 -1.8 -1.5 -1.6 -1.2 -1.1 -0.8 -0.5 -0.5 04 04 0.5 0.7 0.9 0.9 1.1 1.1 1.2 
0.4 0.4 -0.5 -0.5 -0.7 -0.7 -0.8 -0.8 -0.9 -0.8 -0.8 -0.7 -0.7 -0.5 -04 04 04 0.5 0.7 08 0.9 1.1 1.1 1.2 1.2 
0.5 0.4 0.4 0.4 -0.5 -0.5 -0.5 -0.5 -0.5 -0.5 -0.5 -0.5 -05 04 04 0.5 05 08 08 0.9 1.1 1.1 12 12 1.2 
0.8 0.7 05 04 04 04 04 04 04 04 04 04 04 04 05 0.7 08 0.9 0.9 1.1 1.1 1.1 1.2 1.2 1.2 


Training Set 2: 81mm Mortar 
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ero 2.820 ees 23.203.) 93.2" 3.2..3.2633 35 3.5 35036 36 36es6nNs5uss 33 32 Gis 0.6 DSmo 8 DD 
3.2 32 3.2 3.3 3.3 3.2 33 3.2 33 3.3 3.5 3.6 38 39 39 39 39 39 3.8 3.5 3.5 3.3 3.2 29 26 26 2.4 
33:83 3-3:9303.3 3:2 3.203263.263303503:8 93.9443 4243-4 2439 991803 :533326292605 
3.6 36 3.5 3.5 33 3.2 3.2 2.9 3.1 3.1 3.5 36 39 43 46 46 46 46 43 43 4.1 39 3.5 3.3 3.1 2.9 26 
3.8 3.8 3.8 3.6 3.3 3.1 26 24 24 24 29 3.3 38 43 48 49 5 49 49 46 45 42 39 38 33 32 2.8 


2.6 
2.9 
al 
33 
a0 
3.8 
4.1 
43 
46 
4.9 
a3 
2 
5:7 
6 
6.2 
6.3 
6.3 
6.3 
Or 
6 
59 
5.6 
58 
a2 
49 
46 
43 
33 
3.6 
33 
32 
2.9 
2.8 
2.6 


2.8 
3:1 
SZ 
3.5 
3.8 
a9 
43 
4.6 
5 
5.3 
a] 
6.2 
6.5 
6.7 
6.9 
7 
z 
6.9 
6.7 
6.6 
6.3 
6 
5:7 
55 
5 
4.8 
43 
a9 
3.6 
33 
31 
2.8 
2.6 
2.6 


29 
a2 
323 
525 
3.9 
4.2 
4.5 
4.9 
2 
5.6 
Gi2 
6.5 
6.9 
fez 
7.4 
Td 
a 
7.6 
7.4 
me 
6.9 
6.6 
6 
57 
a 
4.8 
4.3 
3.8 
33 
29 
2.6 
2.4 
jai 
22 


aa 
a5 
ae 
3.8 
4.1 
4.3 
4.6 
52 
5.6 
6 
6.6 
Wie 
no 
7.9 
8.2 
8.3 
8.3 
8.2 
7.9 
7.4 
7 
6.6 
6.2 
5.6 
4.9 
43 
3.8 
al 
2.6 
22 
18 
1.9 
1.8 
1.8 


4.1 4.1 
43 43 


See Ome 20 21 VA T2119 26 3.3 43° 459 53 SiSeSSeSSesatOeGed3 SesiGesseal 
4.2 3.6 3.1 2.1 1.1 0.4 -0.5 -0.7 04 14 26 41 5 5659 6 59 56 53 5 46 43 39 3.6 3.3 


48 46 43 3.8 2.8 15 0.4 -1.4 -2.4 -2.9 -12 -08 14 3.3 49 5.7 63 65 65 62 57 55 49 46 42 39 33 


S25 
5.6 56 
6.3 6.3 

69 7 

C0 To 

8.2 8.7 
8.7 9.4 

9 9.8 
9.1 98 


46 3.9 28 1.9 -1.2 -3.6 -4.9 62 -43 -3.2 04 25 48 59 67 7 69 67 63 6 5.5 49 45 42 3.8 

5 43 2.8 0.8 -2.4 -5.6 -7.7 -9.7 -8.4 -6.5 -2.1 12 43 6 7.2 7676 7.4 69 66 5.7 55 48 43 39 

5.9 5 3.3 0.8 -2.9 -7.4-10.3 -12.8-12.7 -9.1 -5.2 -0.5 3.9 62 7.7 84 83 876 7 62 57 5 46 42 

6.7 5.9 4.1 1.5 -3.2 -8.2-12.4-15.8-16.2 -12 -7.2 -0.7 3.9 6.7 86 9 9 87 82 76 6.7 6 53 49 43 

7.7 7 5 2.5 -2.8 -8.3 -14.1 -18.3-18.1-14.4 -8.7 0.9 42 74 5410.1 10 94 8.7 82 72 63 56 5 45 
8.6 8.2 6.5 3.9 -1.5 -7.6-14.5 -19.3 -19.3 -15.4 -8.7 -0.5 5.3 8.9 10.7 11.1 10.8 10.1 94 86 76 6.7 59 53 48 
9.4 9.3 8.3 6.2 0.4 -5.9 -13.4-18.5 -18.6-14.8 -76 08 69 10.3 12 12.3 11.7108 10 979 7 62 56 49 
10 10 9.30 7 2.1 -3.6-11.7 -17.3 -17.1-13.2 -5.7 24 84 11.4 13.1 13.1 124 11.4 10.4 9.3 82 7.2 63 5.7 5 
10 10.1 9.4 6.7 2.4 -3.9-11.3 -17.9-17.6-12.7 -6 3.1 9.1 12.1 13.5 13.5 12.8 11.7 10.7 9.1 8.3 7.3 6.5 5.7 $.2 


996 96 96 86 49 0.5 -6.7-13.2-23.1 -22-17.6 -8.9 0.8 0.8 11.3 13 13.2 12.7 11.5 10.6 9.3 83 7.3 6.5 5.7 52 


8.9 9 
84 8.4 
TTR 
T2869 
6.7 6.3 
6.2059 
OPS 
49 4.2 
42 3.3 
3.3 1.9 
26M 
16 1.4 
1.1 -0.7 
19 0.8 
18 -0.8 
1.1 -0.5 
1.2 -0.4 


8.9 7.7 7 16 -3.3 -11.8-20.2 -32.8 -32 -27-16.2 -4.1 4.1 8.7 11.3 123 11.8 11 10.1 9 82 7.2 6.5 5.7 52 
7.9 5.6 4.9 -1.6 -8.3 -19.2 -28.4 -36 -36-34.6 -27-10.7 -0.7 49 8.7 10.1 106 10 94 84 7.7 7 62 56 5 
6.7 4.2 2.5 +5 -13.2-25.8-34.7 -36 -36 -36-34.9 -20.3 -7.9 04 49 79 86 89 86 7.7 7.2 66 6 5.5 5 

5.9 3.2 0.7 -6.7-16.2-28.8 -36 -36 -36 -36 -36-29.2-15.4 -62 0.7 49 65 7 73 6.7 66 6.2 5.7 52 48 
5.5 2.6 0.4 -6.7-16.6-28.4 -36 -36 -36 -36 -36-34.6 -21.2-11.2 -33 09 3.9 49 59 5.7 6 56 55 49 46 
49 2.2 0.4 -5.6 -14.2 -23.6-35.7 -36 -36 -36 -36 -36 -37.2-17.3 -7.6 -2.2 1.5 3.2 46 49 52 5 49 46 43 
43 16 0.4 -4.6-11.3 -18.1-30.5 -36 -36 -36 -36 -36 -30.6-20.5-10.7 -5 -0.7 1.5 33 4.1 46 4.5 4.5 43 4.2 
3.3 1.7 -0.5 4.8 -9.4-16.1-26.4 -36 -36 -36 -36 -36-33.3 -24.8-13.5 -7.9 -2.5 04 2.1 3.3 3.9 4.1 4.2 39 39 
2.1 -1.1 -2.1 -7.6 -12.5 -20.5 -28.4 -36 -36 -36 -36 -36 -35.6 -28.8-16.2 -9.8 -4.2 -0.9 1.1 25 32 3.6 3.8 3.6 3.6 
0.7 -3.5 -4.6-12.3-18.9 -30 -36 -36 -36 -36 -36 -36 -36-30.9 -18.2-11.3 -5.6 -2.1 04 16 26 3.1 3.3 33 3.3 
-0.9 -5.9 -7.4-18.9 -28.1 -36 -36 -36 -36 -36 -36 -36 -36-31.5 -19-11.5 -6.2 -2.6 0.5 14 2.2 2.6 3.1 3.2 3.2 
-1.9 -7.6-10.7 -21.4-32.6 -36 -36 -36 -36 -36 -36 -36 -36 -30.2 -18.5-11.1 -6.2 -28 -0.7 1.1 2.1 24 28 29 3.1 
-2.9 -8 -12-22.3 -33.3 -36 +36 +36 -36 -36 -36 -36-33.7 -27.4-16.8 -10 -5.6 -2.6 -0.7 09 18 2.2 26 2.6 2.8 
-2.8 -7.6-11.1 -20.3 -30.6 -36 -36 -36 -36 -36 -36 -36-28.4 -22.7-14.5 -8.7 -4.5 -2.1 -0.5 0.9 16 2.1 2.5 26 2.6 
-2.5 -6.2 -9.3-16.4 -25-30.8 -36 -36 -36 -36-35.7-31.9 -22-17.8-11.7 -7.3 -3.8 -1.6 -0.5 09 16 2.1 2.4 2.5 2.5 
-1.8 -4.5 -6.9 -12.3 -17.3 -22.6 -26.8 -29.4 -30.6 -30.8 -29.8 -22.3 -16.6 -13.2 -8.3 -5.5 -2.8 -1.1 0.5 1.1 1.6 1.9 2.2 2.7 2.4 
0.9 -3.1 4.6 -8.3 -11.4 -15.4 -18.9-19.9 -20.7 -20-17.6-15.4-11.4 -9.4 -6 -3.8 -1.8 -0.8 04 12 16 19 2.2 22 24 


Training Set 2: 105mm Artillery 
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B.6 4 43 48 52 5.7 62 69 74 8 84 87 8.7 93 9.1 9 8.7 83 8 7.7 72 6.7 62 5.7 5.2 48 3.9 3.9 3.5 32 3.1 
49 53 5.9 66 7.2 8 87 9.3 9.8 10.1 10.4 11.1 11 10.8 10 10 96 9.3 83 7.7 69 66 5.7 53 43 43 3.9 3.5 33 
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Z| 

ro 
LS 
9 
1.9 
se 

1.9 

1.9 
1.9 
19 
19 
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19 


53 
a7 
6.3 
oo 
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7.6 
7.9 
8 
1 
7.6 
7 
6.5 
5.6 
4.8 
3.9 
32 
2.6 
2 
i 
12 
Ae 
1.1 
1.1 
1.1 
12 
1.4 
1S 
1.6 
7 
1.8 
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1.9 
ro 


6 6.7 7.3 83 9.3 10.1 11 11.4 12.1 12.4 13 12.8 12.8 11.8 12 11.1 10.7 9.4 89 7.9 7.7 65 6 49 48 42 3.9 3.5 

6.6 7.3 8.3 9.1 10.4 11.4 12.7 13.2 14.4 14.5 15.4 15 15.1 13.9 13.9 12.8 12.3 10.8 103 9 84 7.2 66 5.2 5.2 4.5 42 3.8 
72 8 9.1 10.3 11.7 13.4 14.2 15.5 16.5 17.3 18.1 17.8 17.5 16.8 16.6 14.8 14.1 12.5 118 10 94 8 72 56 56 49 43 3.9 
7.7 8.7 10.1 11.4 13.2 14.9 16.8 17.9 19.2 20 20.7 20.3 20.5 19.3 18.9 17.2 16.2 14.4 13.1 113 104 89 79 62 6 5.3 48 42 
8.3 9.4 11 12.8 14.7 16.6 18.6 20 21.7 22.4 23.4 23 22.7 22 21.6 19.6 18.1 16.1 14.7 12.5 11.4 96 86 66 65 56 49 43 
8.7 10 11.7 13.7 15.8 18.1 20.2 21.9 23.4 24.1 24.1 24.8 24.7 24.3 24 21.4 20.2 17.9 15.9 13.7 12.4 10.3 9.1 7 6.7 5.9 52 446 
8.9 10.4 12.1 14.1 16.5 18.6 20.9 22.6 23.6 24.3 23.8 24.7 24.3 24.8 24.8 23.3 21.4 19.2 17.2 14.7 13.2 11 9.7 74 7 62 5.5 4.8 
9 10.4 12.) 14.2 165618:6020:3021.60.20.9.20.2.17118.3020922:0023.3023 62292021 SIS 2137 AaAwOBe7.7 7.2016.3 5.6 4.9 
88 °10.1 PNP ISS NS .2 PADIS T8614 41ST see” 138.3 19722 A 21.6: 20.2, 18.2, 1516913.9 11.7 103988573065 5.7 5 
8.4 9.6 11 12.4 13.7 14.5 14.4 12.4 14.2 0.4 -6.7 -8.4 -0.5 8.9 12.8 19.6 19.9 19.2 17.6 15.5 13.7 10.7 10.3 83 7.4 66 5.7 5.2 
7.7 8.7 9.6 10.6 11 10.1 9 5.5 -7.9 -13.8-24.4-29.2-15.2 -5 4.2 13.9 15.9 16.9 16.2 14.7 13 10.7 10 83 7.3 6.6 5.7 5.2 

7 7.4 7.9 7.7 7.2 49 0.5 -6.5 -20.7-32.2 -36 -36 -36-23.3 -7.7 5 11.1 13.4 13.8 13.1 11.4 10.1 9.3 8 7.2 65 56 5 

56 6 5.6 4.6 2.9 -1.6 -8.7-17.3 -33.9 -36 -36 -36 -36 -36-20.5 -5.3 3.8 8.7 10.3 11 10.1 9.1 8.7 7.7 69 63 5.5 4.9 

4.6 4.5 3.5 16 -1.2 -9-16.5-29.5 -36 -36 -36 -36 -36 -36 -33-15.8 -3.3 3.2 6.2 84 82 83 7.7 7.2 65 6 53 49 

3.5 2.9 16 -19 -5.6-14.7 -23.6 -36 -36 -36 -36 -36 -36 -36 -36-26.3-11.1 -2.1 2.1 56 63 73 69 66 656 5 46 

2.4 1.6 04 -4.3 -11 -19-29.8 -36 -36 -36 -36 -36 -36 -36 -36-34.2-17.5 -7.7 -12 32 45 6 5.7 59 56 5.3 4.8 4.5 

16 0.4 -16 -6 -12 -26-33.3 -36 -36 -36 -36 -36 -36 -36 -36 -36-24.8-10.7 -5.6 0.4 2.2 4.9 48 5.2 4.9 4.9 4.5 4.2 

1.2 -0.7 -2.8 -7.3 -14.5 -23.3 -34.7 -36 -36 -36 -36 -36 -36 -36 -36 -36-28.8-14.5 -7.7 -1.5 0.8 3.9 39 46 45 4.5 4.1 3.9 

0.7 -0.9 -3.5 -8-14.8 -23.4 -34.5 -36 -36 -36 -36 -36 -36 -36 -36 -36-29.8-15.1 -9 -3.2 0.5 3.1 3.1 4.1 3.9 4.1 3.9 3.8 

0.4 -1.2 -3.5 -7.9-13.9-22.6 -32 -36 -36 -36 -36 -36 -36 -36 -36 -36-28.2-14.9 -9.4 4.2 -0.8 2.4 25 3.5 3.5 3.6 3.5 3.5 

0.4 -1.2 -3.3 -7.2-12.3 -19-27.7 -36 +36 -36 -36 -36 -36 -36 -36 -36 -25-13.7 -9 4.3 -0.9 1.9 2.1 3.1 3.2 3.3 3.3 3.2 

0.4 -0.9 -2.8 -5.7 -9.8 -15.5 -21.4-31.1-35.4 -36 -36 -36 -36 -36 -36-31.1-20.2 -11 -7.7 -3.9 -0.9 16 19 2.8 2.9 3.1 3.2 3.1 
0.4 -0.7 -2.1 -4.8 -7.9 -12.4 -16.2 -23.7 -27.1 -34.6 -36 -36 -36-34.5 -26.4 -22.4-14.2 -8.6 -5.7 -2.6 -0.7 16 19 26 28 2.9 2.9 2.9 
0.7 -0.5 -1.5 -3.5 -5.7 -8.9 -12 -16.8-18.9-25.5 -27-29.4-26.5 -23-18.1-15.2 -11 -6.5 -4.2 -1.9 -0.5 16 18 2.4 26 2.8 2.8 2.8 
0.9 0.4 -0.7 -2.4 -3.9 -6.5 -8.2 -11 -12.3 -16.1-17.9-18.9-16.4 -16-12.1 -9 -7.3 4.2 -2.6 -12 04 16 18 2.4 2.5 26 26 2.6 

1.1 0.4 -0.5 -1.2 -2.2 -4.1 -5.2 -7.2 -8.2 -10.3 -10.7 -12.4-10.7 -9.8 -7.2 -6 -46 -2.5 -1.4 -0.5 0.8 16 19 2.2 24 2.5 2.5 2.5 

1.2 0.8 0.4 -0.5 -1.2 -2.4 -2.9 -43 -4.6 -6.2 -6.3 -7.3 -6.7 -5.9 -4.9 -3.5 -2.5 -1.2 -2.77 04 0.9 18 19 22 24 2.5 2.5 2.4 

15 1.1 0.8 04 0.5 -1 -1.6 -2.4 -2.6 -3.8 -3.9 -4.3 -3.5 -3.3 -2.4 -16 -1.1 -0.5 04 0.8 14 19 2.1 2.2 24 24 24 2.4 

16 1.4 1.1 0.7 0.4 -0.5 -0.5 -1.1 -1.1 -1.9 -2.2 -2.1 -1.8 -1.6 -0.9 -0.7 -0.5 0.4 0.8 1.2 16 1.9 2.1 22 2.4 2.4 2.4 2.4 

16 1.5 14 1.1 0.8 0.4 0.4 0.5 -0.5 -0.7 -0.8 -1 -0.7 -0.7 04 04 0.5 0.9 1.2 1.5 1.8 2.1 2.1 2.2 2.2 2.2 2.2 2.2 

WEP06" VS" 14612" 0.90.8 90.5 0:4 0.4 0:5 -0:5° 0:4 "0:4 0:50:83 O19 W126 19 21 2 ee 

bSeel 8 1.60)SedSeoh.2 1.2-0.90:8—0:5904004—04n05 a0 9edell4mlSoolhGml Sal SetietAleeiet2 2 2e2alee2:] 

LO 1:3" T. 851.6 To" 1.5 T4712 1.1 09 0.8 O.8°0'S. O92 1.4. ]e6r 1.6909 1.9 2.) 21 2:15 21°>21 2152), ae 


Training Set 2: 105mm HEAT 
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oa 


9.3 10.6 
10 11.8 


12.4 14.7 17.2 19.5 21.4 21.7 22.6 20.9 19.3 17.8 14.9 1311.1 94 83 69 59 § 43 3.9 3.5 2.9 
14.1 17.3 20.5 23 25.5 26.1 27.1 25.3 22.9 20.7 17.5 149 12.7 10.7 9 76 63°55 46 4.1 3.6 3.1 


8.7 10.6 12.7 15.2 8.9 22.3 25.7 28.8 29.8 30.9 29.2 26.7 23.6 19.9 16.8 13.9 11.4 9.8 83 6.9 5.7 49 43 38 3.3 
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ee 
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1] 13.1 
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TSO MIO P2382 7 SOS 22321G"S1S"28.7 9 26°214 17 OMSAM2ZSMOON Ss TOFD 6°24 3:973.3 
15:9 19:20 23 272916318. 32.2 3.1.2°29:2) 26:7 22.2183) 15: 5M2IA108 69 7.686295:594642 3.5 


10.4 12.1 14.8176 20 24 24.8 28.5 28.8 28.4 27 25.5 21.9 18.3 15.5 128 108 9.1 76 6.3 5.5 48 42 3.5 


9.4 10.6 
79° 82 
S656 
a1 2.6 
1.4 -0.7 
-0.5 -3.9 


12.4 13.5 13.7 152 14.8 19.3 19.9 22.9 22.7 22.4 19.9 17.5 15.1 12.5 10.7 9 76 6.5 5.5 48 4.3 3.6 
oa 9D Se O 2a 9.5 0.0 15,5 19.8 17.5 17,.5°13 9S loo 12 10.3989 7.6 6.3 55 7G et 3es 6 
49 2.8 -0.7 -5-13.5 69 65 16 69 12 13.1 13.5 12.3 11.1 96 84 7.2 62 5.5 48 42 3.6 
0.4 -3 -89-17.5 -26 -27-21.9-10.3 -2.1 9.3 7.9 10.7 10 9.6 8.7 7.9 67 6 53 46 42 3.6 
“3.6 -9.4-18.1 -28-35.5 -36 -35.6-23.1 -13 43 36 7676 8 7.6 7.3 63 56 5 45 4.1 3.6 
-8.7 -16.2 -26.7 -36 -36 -36 -36 -35-23.7 -12 -19 33 5 65 62 65 5.7 53 48 43 3.9 3.5 


“2.1 -6.3 -12.1 -21.3 -33.3 -36 -36 -36 -36 -36-31.8-19.3 6.7 0.5 2.8 48 53 5.7 53 5 45 42 3.8 3.5 


-3.3 -8.2 
-3.8 -8.9 


-14.8 -24.8 -35.4 -36 -36 -36 -36 -36 -36 -25-10.8 -3.3 0.7 3.5 42 49 46 46 43 4.1 3.6 33 
-16.8 -25.8 -35.6 -36 -36 -36 -36 -36 -36-29.4-14.7 -5.7 O08 2.1 3.3 43 43 42 41 3.9 3.5 33 


-3.8 -8.7 -15.5 -23.6 -34.5 -36 -36 -36 -36 -36 -36-29.8-15.1 -6.7 -16 1.5 2.8 3.8 3.9 3.9 3.8 3.8 3.3 3.2 


-3.6 -7.3 


-13.5 -20-30.6 -36 -36 -36 -36 -36-34.5 -26.4-13.8 63 -16 1.2 26 3.3 36 38 36 3.5 33 3.1 


-2.8 -6-10.1 -16.2 -23.6 -32.6 -36 -36 -36-35.7 -26-20.9-10.3 -4.3 0.7 15 26 33 3.5 36 3.5 33 3.2 3.1 


“1.6 -4.2 
e211 
OM -121 
0.4 -0.7 
50:4°<0.8 
0.8 -1.5 
-1.6 -3.1 
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-2.1 
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-1.1 


-3.3 -3.5 
-3.9 6.9 
43 = -7 
4.3 -7.6 
4.2 -7.2 
-3.9 6.3 
=3.2°§.5 
-2.5 -4.2 
-1.8 -3.2 


-6.6 -11.4 -15.8 -22.9 -23.8 -30.4 -29.2 -25.3 -14.8-13.9 -5.6 -2.1 0.5 1.9 2.9 3.3 3.5 3.5 3.3 3.3 3.1 2.9 
-3.9 -7.4 -10-13.2 -13.8-16.2 -13-12.4 6.2 -6.2 -12 04 09 26 3.2 33 3.5 3.3 3.3 3.2 3.1 2.8 
-2.2 -4.1 -5 -7.30 + -7.7 -4.3 -3.9 -0.5 0.5 15 24 2.9 33 3.5 3.5 3.3 3.3 3.22 3.1 2.8 2.8 
“1.6 -2.6 -3.5 4.5 -4.9 -4.1 -2.4 O05 15 25 32 3.5 3.5 25 35 3.5 3.3 3.2 3.1 2.9 2.8 2.8 
s2aeesrl =4.5 =5.7 =7:9°-6.3°=53" -1.5°-0:5 102 82.3 93938" 23933 3363 29S le 2OM2eezieez 
-3.3 -5.2 -7.7 -9.3 -14.4-11.4-11.4 6.7 48 O08 08 2.2 26 29 28 2.7 28 28 26 26 2.5 246 
“5.6 -8-11.4 -15.2 -20.6 -19.7 -20.9 -12.8 -9.6 -5.2 -1.5 0.4 12 19 22 1.5 26 2.6 2.5 2.5 24 2.5 
-7.6 -10.7 ©14.7 -21.6 -28.1 -27.9 -27.4 -20.7 -15.2 -9.8 -4.9 -16 -0.5 0.7 1.5 1.1 2.1 2.2 2.2 2.4 2.2 2.4 
-9.7 -13.7 -17.5 -25.7 -32.6 -33.5 -33.3 -27 -20.7-13.9 -8 -3.9 -1.5 -0.5 08 1.5 16 1.9 2.1 2.1 2.1 2.2 
-11 -15.2 -19.2 -29.9 -35 -36 -36-31.2 -25.1 -18.1-10.7 -6.2 -3.1 -1.1 0.4 0.9 12 16 1.8 19 19 2.1 
-12 -16.8 -20.6 -30.4 -35.6 -36 -36 ~-33 -26.7 -20.2 -12.4 -7.4 -4.1 -19 -0.7 04 09 14 16 18 18 1.9 
-12 -16.9 -20.7 -29.8 -34.7  -36 -35.6 -32.8 -26.3 -20.2-12.8 -8.2 -4.5 -2.4 -0.8 -0.4 0.7 1.1 16 16 16 1.8 
-11 -15.4 -19.2 -26.7 -31.6 -34.5 -32.8 -30.6 -24 -19-12.3 -8 -4.6 -2.6 -0.9 05 04 09 12 1.5 16 1.6 
-9.6 -13.4 -15.9 -22.4 -26.8 -31.2 -28.1 -25.5 -20.7 -15.2 -10.7 -7.4 -4.3 -2.6 -1.1 -0.5 04 08 1.1 1.4 1.5 1.46 
-7.9 -11-12.1 -18.1 -28.2 -23.3 -21.4 -19.7 -17.5 -13.2 -9.1 -6.6 -3.8 -2.6 -0.9 -05 04 08 1.1 1.2 14 1.46 
4 -8.4 -9.6 -13 -15.2 -16.6 -16.1 -14.4 -13.4-10.3 -7.3 -5.3 -3.3 -2.1 -0.8 -0.5 04 0.7 0.9 12 14 1.5 
4.5 -5.9 -7.3 -9.3-10.1 -11-11.1-10.1 -9.4 -7.9 -5.6 -4.1 -2.6 -1.6 -0.7 -0.5 04 0.8 0.9 1.2 14 1.5 


Test Set: 3-5in Rocket 
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28. 3.13.2 33 3.839 3883.9) 3973S 8"3s6tsses 2 3.1 28 2 meee 2. 211 eo lL OmeeGmneommeS 1.4 

3.2 33 38 4.1 45 46 48 48 48 46 45 4.1 38 3.5 33 29 2.8 2.5 2.2 2.1 19 16 16 15 1.5 

3.5 39.43.48. 5.2.5305.65 305657 S2mS2eA3Sed2es8a3Isese2r24e22 1OmOmeGmiGelS 

B99" 4.5 525.6 65.1069 7.257267 66063 e554 des 8esaeo) 2.6524) 2:10 eiselioel 
45652 6.2669) Tie8AeB6 89m 8I She 7TIMTIAGS6 50m S5eS963-803.3 2.962:6 2:22) Omhi6ms 
55.97.20 8°94 10i6e70.1 Will, 11 Me) Suro 7 67 5.79 422e Ss Rabe 6 BAe? (Oma 6 
D667 8 SS 257 SS 71S ST IO TOG SSsi6s9M 3.3 2.9 2522 2:1). 18 Ke 
5.9. 7.4) 89010.7 12.8:15.2) 15.2017.3016.2 165:.13:9 9138104 (9R74AN6G205 4303.55 3.1 26 24520 Oe 6 
6.3. 7.7 9.7 11.7 14.9 17.6 18.1 20.6 21 19.6 16.9 149 123 10 83 66 5.5 4.5 3.8 3.2 26 2.4 2.1 19 1.46 
6:2..7.9.. .10012.4-15.9..18.9. 20.6: 23:30 23.2201 8: 6el60el13 Arle 907 5.644639 e33028e25e22—1.9 
3:7 TA GAAIS. 15.5. 18.3) 21.2.23:4,243, 2335205 17 50142011309.) 72659 4:353,9933629) 25820019 1:8 
5. 6:2) 7.9.9.7. 13.2.14:901922020.5, 22000216120:216.2 13:9 910.8: e9mG9NS:7 4.663:93:228e2.4 Beer 16 
3.9 45 5.6 .6083.09)13 B35 jASIOMG4a16i6013.2 124m 98a84u630S55a4303:8) 3.leediGe 2.4 Zyl lakes 
2.9 “HOPTS N22 Owe sT21 53S oraertONe 7.4. TSS 48539 335728 26 2200s ee 

0.8 -1.2 -2.4 -3.2 -7.3-13.5 -9.6-12.7 -7.2 -4.1 42 3.9 62 49 5 39 42 33 3.1 26 2.4 2.1 19 16 1.6 
“1.1 -3.9 -5.2 -7.9 -14.5 -20.7 -22.3 -27.7 -20.6 -14.9 -7.2 -3.9 0.8 15 2.8 2.8 3.1 28 26 2.2 22 19 19 16 1.6 
-2.6 -5.7 -8.3 -13.8 -20.5 -28.4 -31.6 -33.7 -29.6 -23.3-14.7 -9 -3.3 -1.1 04 1.1 19 19 2.11 19 19 18 16 15 146 
-3.9 -7.2 -11-16.9 -24.3 -31.8 -35 -36-34.3 -29-19.3 -12.4 -6.9 -3.3 -12 04 0.9 14 16 16 16 1.5 16 14 1.5 
4.5 -7.9 -11.8 -17.9 -26.5 -32.6 -35.7 -36 -36 -30.9 -23.1-15.4 -9.6 -5.9 -2.9 -1.1 04 05 1.1 1.2 1.5 14 1.5 12 15 
-5 -7.4-12.4-17.5 -27-31.5-35.2 -36 -35.9 -30.6 -24.3 -16.2 -11 -6.9 -3.9 -16 -0.7 04 08 0.9 12 1.2 14 1.2 14 
4.9 -7.3 -11.7 -15.6 -23.7 -27.5 -32.6 -33.6 -33.9 -27.7 -22.9 -15.8 -11.1 -7.2 4.3 -22 -0.9 05 05 0.8 0.9 1.1 1.2 1.2 1.2 
4.5 -6.5-10.4 -13.2 -19.6 -22.6 -27.5 -28.5 -29.6 -22.7 -19.9 -14.1 -10.3 -6.7 -4.5 -2.4 -1.1 0.5 04 0.5 0.8 0.9 1.1 1.1 1.2 
4.2 -5.5 -8.7 -11-15.8-17.6 -22-21.3 -23-17.1 -15.8-11.3 -8.9 -6 4.2 -2.2 -1.2 05 04 0.5 08 0.9 1.1 1.1 1.2 
-3.3 4.3 -6.7  -8-12.] -12.3 -16.2 -16.1 -16.4 -13.2-12.3 -8.9 -7.3 4.9 -3.6 -1.9 -1.1 -05 04 05 0.8 0.9 09 I. Il 
2.6 -3.3 -5 -6.5 -9.3 -9.3 -11-11.4 -12 -96 -9 6.7 -5.5 -3.9 -2.8 -1.5 -0.9 O05 04 05 08 09 09 1.1 1.1 
-2.1 -2.2 -3.9 4.5 -7 -6.7 -8.4 -8.3 -8.7 69 -6.6 -4.9 -4.1 -2.9 -2.1 -1.1 -0.7 -05 04 05 08 09 0.9 1.1 LJ 
1.4 -1.6 -2.8 -3.3 4.6 -4.8 -5.7 -5.5 -6 4.8 4.5 -3.5 -2.9 -2.1 -1.5 -0.8 -05 0.4 0.4 0.7 08 0.9 0.9 1.1 1.1 
0.8 -0.9 -1.8 -2.]1 -3.1 -3.1 -3.5 -3.5 -3.8 -3.2 -3.2 -2.5 -2.1 -14 -0.9 0.5 -0.5 04 04 08 08 09 0.9 1.1 1.1 
-0.5 -0.7 -1.1 -1.2 -1.8 -1.8 -2.6 -2.2 -2.5 -1.9 -2.1 -1.5 -1.2 0.8 -0.7 0.5 04 04 0.5 08 08 09 0.9 1.1 1.1 
0.5 -0.5 -0.7 -0.7 -0.9 -0.9 -1.4 -1.4 -1.5 -1.1 -1.1 -0.8 -0.8 -0.5 -0.5 0.4 04 0.5 0.7 0.8 0.9 0.9 0.9 1.1 LI 

0.4 0.4 -0.5 -0.5 -0.7 -0.5 -0.7 -0.7 -0.8 -0.5 -0.7 -0.5 -0.5 04 04 04 04 0.7 08 08 0.9 0.9 1.1 1.1 1.1 

0.4 04 0.4 04 -0.4 -0.5 -0.5 -0.5 -0.5 -0.5 -05 -04 04 04 04 05 0.7 08 09 09 09 #- 1.1 1.1 El 

0.7 0.7 0.5 0.5 0.4 04 04 04 04 04 04 04 04 0.5 05 0.7 08 08 09 0.9 0.9 1.1 1.1 1.1 1.1 

08 0.8 0.7 0.7 0.5 05 04 04 04 04 04 0.5 0.5 0.7 07 08 08 09 09 09 09 LE 12 1 1.1 

09 0.9 08 08 0.8 0.8 0.5 0.7 0.7 0.7 0.7 0.7 08 08 08 08 09 0.9 09 1.1 1.1 1.1 1.2 1.1 1.1 


Test Set: 60mm Mortar 
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we 
2.6 
2.8 
3.1 
B:2 
3.3 
B.3 
33 
35 
33 
B32 
3.1 
Zs 
2S 
2:2 
1.9 
1.6 
1.5 
1.4 
2 
1.1 
0.9 
0.9 
0.9 
0.9 
0.9 
0.9 
0.9 
0.9 
1.1 
1.1 
1.1 
1.2 
1.2 
A2 


2.6 
3.1 
3.2 
3.5 
3.6 
3.8 
39. 
3.9 
4.1 
3.9 
3.8 
305 
3:2 
3.1 
2.6 
m2 
1.9 
1.6 
1.4 
1.1 
0.9 
0.9 
0.8 
0.7 
0.8 
0.8 
0.8 
0.9 


ori 
3.3 
55 
3.9 
4.1 
4.3 
4.5 
4.5 
4.5 
4.3 
4.2 
39 
3.3 
3.1 
2.4 
1.8 
1.5 
1.1 
0.8 
0.4 
0.4 
0.4 
0.4 
0.4 
0.4 
0.4 
0.4 
0.4 


1 0.5 


1.1 
ee 


0.8 
0.8 


1 0.9 


1.1 
1.1 


l 


3.3 
3.8 
4.2 
4.6 
4.9 
5 
52 
55 
5.5 
5.3 
4.9 
4.5 
3.9 
33 
2.6 
2.1 
1.5 
0.9 
0.5 
0.4 
0.4 
-0.5 
-0.5 
-0.5 
0.4 
0.4 
0.4 
0.5 
0.8 
0.9 
0.8 
0.8 
0.9 


3.9 
4.2 
4.8 
5 
5:5 


20S 20,02 ae 7 16, 72 8 8) S276 1e69 6.25.1 52049 42039°3.3 Soe 2oeee 22 

46 5.7 62 72 77 86 94 98 1010.7 10 94 87 83 74 6.7 5.9 5.5 48 43 38 33 2.9 28 2.5 22 

3-3 GOmz2 84094 10.1h).7 12.3 12543:5 13 11.3910.7 10m8:7% 8 7 6.5.055m49) 42 38indSesyegeme.4 
Cee ee oll 4 123015.2 155 1617.1 15.8 139,13.1 12)10.7 94 84 7.2N62 55 46 Bons soe. 7 Ss 
6.7 8.2 9.6 11.1 13.2 14.9 17.9 19.2 20.2 22 19.9 17.8 16.4 14.4 12.7 11 9.4 83 7 62 52 43 3.9 3.5 3.1 2.6 


6 7.3 9 10.6 12.3 148 17.6 21.4 24 25.3 26.7 24.8 22.4 20.6 17.3 15.1 13 108 93 7.9 66 56 48 4.1 36 32 28 


6.3 
6.5 
6.3 
6.2 
5:5 
4.9 
4.2 
33 
2.1 
0.9 
0.4 
-0.7 
-0.8 
-1.2 
-1.4 
“1.5 
-1.5 
-1.2 
-0.9 
-0.8 
-0.7 
-0.5 
0.4 
0.4 
0.4 
0.7 
0.8 


1.1 0.9 0.9 
12 12 09 09 0.9 0.9 0.8 0.7 0.7 0.5 0.4 04 04 04 04 04 04 05 04 05 0.7 08 08 09 1.1 1.1 1.2 12 12 12 


7.7 9.4 11.4 13.5 16.8 20.7 24.7 288 30.8 32 30.6 27.2 24.3 20.9 17.5 14.5 12.1 10.3 87 73 6 5 43 38 3.3 29 
7.9 98 11.8 14.2 17.8 22.2 26.5 31.2 33.6 35.2 34 31.1 27.9 23.7 19.7 16.6 13.7 11.3 9.4 7.9 63 5.3 4.6 3.9 3.5 3.1 
7.9 26 UWil4:SeiGe22:226.5: 31.8: 33.6: 354 135 33:5: 30:5°261) 21.617 99147121998 8.2966 5.50418P4903.5 3.1 
7.7 9 ILD 13.4 16.4 19.6 23 28.2 30.4 21.2 32.6 33.2 30.5 26.8 22.4 18.9 15.2 12.7 10.1 8.4 6.7 56 4.9 4.2 36 3.1 
7 7.9 9.8 11.3 13.1 14.5 13.7 18.2 20.3 20 23.3 29.5 27.1 25.8 21.9 19 15.1 128 10 84 69 56 4.9 42 3.6 3.2 
6 7 7.7 84 9.3 84 62 59 4 3.9 83 19.7 19.5 21.9 19.6 17.5 14.1 12 96 83 66 56 48 4.2 3.5 3.2 

46 48 5.6 4.2 46 0.5 -2.4 -6.7 -13-11.7 6.8 6.7 10.4 16.9 16.1 14.7 12.7 11 89 7.6 62 5.3 4.5 4.1 3.5 3.1 
3.3.2.9 2.6 0.8 -0.7 -8.9-13.2 -21.6 -30.4 -28.5 -20.7 -7.2 0.9 8.7 98 11.1 10 93 7.7 69 5.7 49 43 3.9 3.3 3.1 
2.2 0.4 0.4 -2.4 -6.7 -16.4 -20.9-23.5 -36 -36 -34 -20 -9.3 04 42 62 69 7 65 59 5 45 39 36 32 28 

0.8 -1.2 -2.5 -6-11.3 -22.9-28.1 -36 -36 -36 -36-30.9-19.2 -8.9 -1.4 2.2 41 5 49 48 4.3 4.1 3.5 3.3 2.9 28 

0.5 -3.1 4.8 -9.4-15.1-27.5 -30 -36 -36 -36 -36 -36-29.4-154 -8.2 -0.9 0.4 3.3 2.8 3.5 3.5 3.5 3.1 3.1 26 2.6 
“1.1 -4.2 -6.7 -10.6-17.5 -29.1 -36 -36 -36 -36 -36 -36-32.8 -22-11.7 -5.7 -18 05 16 2.6 2.6 2.9 26 2.8 2.5 2.4 
-1.8 -4.9 -7.7-12.3-18.9 -30 -36 -36 -36 -36 -36 -36 -36-26.7-17.1 -9.3 4.9 -14 04 15 18 2.4 22 2.5 2.2 2.2 
-2.5 -5.5 -8.6 -14-19.5 -31 -36 -36 -36 -36 -36 -36 -36-28.9 -19-11.3 -6.3 -2.8 -0.9 0.5 1.2 16 1.8 2.1 2.1 2.1 
-2.8 -5.6 -8.4-13.4 -19-30.5 -36 -36 -36 -36 -36 -36 -36-30.1 -20.2 -12.8 -7.4 -4.1 -16 -0.4 0.5 14 1.5 18 18 1.9 
-2.8 -5.5 -8.4 -13.2 -17.3 -27.9 -34.7 -36 -36 -36 -36 -36-35.9 -28.8 -19.7 -13.2 -7.9 -4.6 -2.1 -0.7 0.4 0.9 1.1 16 16 1.6 
-2.6 -5.2 -7.6-11.3 -15.6 -24.3 -30.4 -36 -36 -36 -36 -36 -32.8 -25.8 -18.2 -12.3 -7.6 -4.3 -24 -0.9 04 08 09 15 15 146 
-2.1 -4.6 -6.7 -10-12.4 -20 -25 -33-34.2 -36-34.6 -32.5 -28.1 -20.9 -15.6-10.7 -6.6 -4.3 -2.5 -0.9 -0.5 0.5 08 12 14 15 
“1.5 -3.8 -5.6 -8.7 -9.8 -16 -19-26.5 -28.2 -31.3 -28.4-27.2 -21-16.5-12.4 -8.9 -5.7 -3.8 -2.1 -0.8 -05 05 08 12 12 14 
-0.9 -3.2 -4.5 -6.6 -8.2 -12.1 -14.8 -19.2 -20.3 -23.3 -20.9 -19.2 -16.6-12.8 -10 -7.2 -4.5 -3.2 -1.8 -0.8 -0.5 0.5 08 1.1 12 1.6 
-0.7 -2.4 -3.2 -5.2 6 -9.1 -10 -13.9 -15.5 -15.8 -15.2 -13.9-12.3 -10 -7.6 -5.6 -3.6 -2.5 -1.4 -0.7 0.4 05 08 1.1 1.2 1.2 
-0.5 -1.6 -2.5 -3.8 -4.3 -6.2 -7.3 -9.7 -10-11.1 -10 -9.7 -8.3 -7.2 -5.3 -4.2 -2.6 -1.9 -0.9 05 04 0.5 0.8 1.1 1.1 12 

0.4 -0.9 -1.5 -2.2 -2.2 -4.3 -4.6 -6.7 -7.2 -7.7. -7 -6.7 -5.7 4.9 -4.1 -2.9 -1.8 -1.2 -0.7 -04 04 0.7 08 1.1 1.1 1.2 

0.7 -0.7 -0.8 -1.5 -1.6 -2.6 -3.3 4.5 -4.9 -4.6 -4.3 -4.5 -3.9 -3.3 -2.4 -1.9 -1.1 -0.8 05 04 04 0.8 0.9 1.1 1.1 1.2 

0.4 -0.5 -0.5 -0.8 -0.8 -1.6 -2.1 -2.8 -3.6 -2.8 -2.9 -2.5 -2.5 -1.9 -1.6 -1.1 -0.5 -0.5 0.4 0.4 0.7 0.9 0.9 1.1 1.2 1.2 

0.5 0.4 0.4 -0.5 -0.5 -0.8 -0.9 -1.6 -1.6 -1.8 -1.6 -1.5 -1.2 -0.9 0.8 -0.5 -0.5 04 04 0.7 08 09 1 1.2 12 1.2 

0.5 0.5 0.5 0.4 0.4 -0.5 -0.7 -0.8 -0.7 -0.8 -0.7 -0.7 -0.8 -0.5 -0.5 -05 04 04 05 08 08 I. 1.1 1.2 1.2 1.2 

08 08 0.5 0.4 0.4 0.4 0.4 0.5 -0.5 -0.5 0.5 -0.5 -0.5 04 04 04 04 0.7 0.7 09 0.9 1.1 1.1 1.2 12 1.2 


Test Set: 8]mm Mortar 
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2.2 
2.4 
2.5 
2.6 
2.8 
Zo 
aa 
3.2 
a0 
3.6 
a9 
4.1 
4.3 
4.5 
4.6 
48 
4.9 
4.9 
4.9 
4.9 
48 
4.6 
4.3 
4.2 
3.9 
3.8 
3.5 
3.3 
3.3 
3.1 
Za 
29 
Z8 
2.8 
2.8 


api 
2.4 
iz 
2.6 
2.8 
3.1 
BH2 
3.3 
3.6 
39 
4.1 
4.2 
4.5 
4.6 
4.9 
5 
5:2 
JZ 
3.2 
5 
4.9 
4.6 
4.3 
4.1 
3.8 
3.5 
3.2 
3.1 
2.8 
2.6 
Za 
ZS 
2 
Zo 
ZD 


2.4 
25 
2.6 
2.8 
3.1 
are, 
a8 
3.5 
3.6 
3.9 
4.2 
4.3 
46 
4.9 
5 
53 
33 
3.3 
53 


4.8 
4.3 
4.1 
3.6 
32 
Zo 
Zz 
Zoe 
ac 
1.6 
1.6 
1.8 
1.9 
2.1 
2.1 


2.4 
2.6 
2.6 
2.8 
3.1 
5.2 
33 
38 
3.8 
3:9 
4.2 
4.3 
46 
4.9 
522 
5.5 
2) 
535 
5.3 


4.3 
oro 
a3 
ZS 
2.1 
1.8 
1.2 
1.9 
1.8 
17 
1.7 
1.8 
1.1 
1.4 
1.6 


2.2 
2.6 
2.8 
2.9 
3.1 
3:2 
38 
20 
3.6 
3.8 
ao 
4.2 
4.5 
4.8 
5.2 
a 

5.3 


0.7 
-1.4 


ad 
2.6 
2.8 
2.9 
| 
a2 
32 
eS 
3.3 
35 
3.6 
ao 
4.2 
4.5 


26 2.6 26°26 26° 28°28" 29 SABI SZ 33°32 Snes c Slee 29° 28 Zoe romeo e422 
2:.6°2.6 25°28 29° 2963132932098 SWISS 163 6955 2s] 2982 8 ee ae 

28 28 29°29 29 3.1 3.2 3385 3.8 330es0e4,] S0m30e29Nes 3:65 3.3 62 see 6 26 

2.9 2.9 29 29 3.1 3.2 3.3 3.5 38 4.1 43 43 45 46 43 43 42 41 39 38 3.5 3.3 3.1 2.9 2.46 

3.10 3°29" 29 3D -3.2053.393 894.1 4394849 SSA Hess 455454259 Ste 3.33.2 9 
3.13.1 °28 28 28°29°32> 38° 4.3048 53° 5.6 59:7 599 5557 35 FAS 46° 45°41 38 3 Se 
F229 2.62 24 2S AS 2 STOOL GGG 7 GSMO Ooo os Sin ha Odo lems 

32° 28 24019) 1.60160 182.6039 OS o6m67 72074 2S GIGS O6NS:695 21 esses 

3.1 2.5 1.9 08 0.4 -0.5 -0.4 0.7 24 42 56 72 7.9 84 83 84 79 7.3 6.7 63 5.7 53 48 4.3 3.9 

3.1 2.2 1.2 -0.8 -1.6 -3.1 -3.5 -3.1 -09 18 42 69 84 94 96 9.7 89 84 76 7.2 6.3 5.9 5.2 48 4.1 

3.1 2.1 0.8 -1.5 -4.1 6.3 -8.7 -8 -6 -16 2.2 6.7 9.1 108 11 11 10.1 9.7 84 7.7 69 63 56 52 43 

3.2 1.9 0.4 -2.9 -6.7 -10.3 -13.7 -14.1 -11.8 -5.6 0.7 7.7) 11 13.5 12.8 12.7 11.7 10.7 93 86 76 69 6 55 46 
3.3. 2.1 0.5 -3.8 -8.4 -13.1 -17.8 -19.6-16.1 -7.2 0.9 10.3 13.7 15.8 15.1 14.7. 13 11.8 10.1 9.4 83 7.3 66 5.9 49 
3.8 2.2 0.7 -3.6 -8.9-13.8 -19-20.2-15.9 -5 4.9 14.8 17.3 18.8 17.8 16.8 14.5 13.1 11.1 103 89 7.9 7 62 5.2 


48 4.1 2.8 0.4 -2.8 -7.3 -12-16.2-164-108 0.8 11.4 19.6 21 22.4 203 18.9 16.4 142 12 11 96 84 7.4 66 5.5 
S$ 4.3 3.2 0.9 -1.9 -5.6 -9.6-12.1 -9.1 -3.1 8.7 16.6 23.8 24 24.1 22.3 19.9 17.5 15.2 13 11.5 10.1 89 7.9 6.7 546 
5 43 3.2 1.1 -1.6 4.9 -7.6 -8.6 4.2 24 -13 20.5 24.8 26 25 23.1 20.5 182 15.8 13.4 12 106 9.1 82 7.2 5.9 

$.2 46 4.1 26 0.4 -2.8 -6.3 -9.1 -9.6 66 04 -10 17.8 21.2 23.8 23.7 22.4 20.2 18.2 15.9 13.5 12.3 10.8 9.4 8.3 7.2 6.2 

4.8 4.2 3.3 1.2 -1.5 -6.6 -9.8-16.5 -17.5 -15.9 -13.8 -3.5 0.5 13.4 18.2 19.6 20.3 19 17.8 15.8 13.8 12.4 11 96 84 7.3 62 

$ 49 4.2 3.3 2.1 -0.7 4.5 -10.7-15.8 -26.1-30.5 -34 -30.9-26.8 -10 -0.7. 10 15.5 17.5 17.1 16.8 15.2 13.7 12.4 11 96 84 7.4 63 

3.5 2.2 0.7 -2.9 -8-15.6-23.8 -34.2 -36 -36 -36 -36-30.4-13.9 0.5 9.1 14.1 15.2 15.5 14.4 13.4 12 10.7 84 94 7.4 63 

2.6 0.5 -1.1 -5.2-12.8 -21-30.9 -36 -36 -36 -36 -36 -36-24.8 -7.7 4.2 10 12.8 13.9 13.5 12.8 11.7 10.6 9.3 84 7.3 6.2 
1.6 -0.7 -3.1 -7.7-15.8-26.3 -36 -36 -36 -36 -36 -36 -36-318 -14 0.5 7.2 10.8 12.8 12.7 12.1 11.3 10.1 9 82 7.2 6.2 


-2 
-3.3 


“5 -10-19.7 -30.6 -36 -36 -36 -36 -36 -36 -36-35.7-18.3 -2.2 5.2 9.4 11.5 118 11.4 10.7 98 89 8 7 62 
+7 -12.5 -23.3 -34.2 -36 -36 -36 -36 -36 -36 -36 -36-202 4.2 3.5 8103 11 10.7 10.1 94 84 7.7 69 6 


-1.7 -3.8 -8.3 -14.2 -26.1 -35.7 -36 -36 -36 -36 -36 -36 -36 -36-23.1 -6 18 67 94 1010.1 96 89 8 74 66 5.9 
-1.4 -4.6 -9.1-15.5 -28.1 -36 -36 -36 -36 -36 -36 -36 -36 -36 -25 -76 0.4 5.3 83 9.194 9 86 7.7 72 69 5.6 
-5 -9.6 -15.8 -28.4 -36 -36 -36 -36 -36 -36 -36 -36 -36-27.1 -9.7 -1.2 3.9 7.2 82 87 83 7.9 7.2 6.7 6.2 5.5 
“1.8 -4.9 -9.8-15.8-28.4 -36 -36 -36 -36 -36 -36 -36 -36 -36-26.3-10.3 -2.4 3.2 62 72 79 76 74 6.7 65 5.7 5.3 
-1.9 -4.8 -9.4-14.8 -26.8 -35.4 -36 -36 -36 -36 -36 -36 -36 -36-246 -9.8 -26 24 53 65 7.2 7 69 65 6 55 5 
“1.6 -4.3 -8.7-12.8 -23-31.5 -36 -36 -36 -36 -36 -36 -36-32.9-21.2 -8.9 26 2.146 6 65 66 62 6 56 5.2 48 
-1.1 -3.3 -6.9 -10.6 -18.9 -26.5 -25.2 -36 -36 -36 -36 -36 -36-26.4-17.2 -7.2 -2.1 2.1 42 53 59 6 59 56 5.3 49 4.5 
-0.7 -2.4 -5.3 -7.9 -14.4 -19.5 -28.1-31.3  -36 -36 -36 -34.3 -28.5 -18.9 -12.3 -5.6 -1.2 2.1 38 4.9 55 55 55 53 5 46 43 
-0.4 -1.2 -3.3 -5.5 -9.6-13.5 -19 -21 -29.2 -31.5 -28.4 -24.6-19.2 -13 -8.3 -3.9 -0.7 2.1 3.5 45 49 52 5 49 46 43 4.1 
0.7 -0.5 -1.8 -3.2 -6 -8.7-11.8 -12.8 -16.9 -18.2 -17.5 -13.5-11.1 -8.4 -5 -16 05 24 3.5 42 46 46 46 45 43 4.1 39 


-1.6 


Test Set: 105mm Artillery 
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3.1 
3.2 
33 
3.6 
a9 
4.1 
4.2 
43 
43 
4.5 
4.3 
43 
4.1 
3.8 
35 
3.3 
2.8 
Z.0 
2.4 
2:2 
Ze 
1.8 
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1.6 
1.6 
1.6 
1.6 
1.6 
1.8 
1.8 
1.8 
1.8 
1.8 
1.9 
1.8 


3.2 
3.5 
3.6 
a 
4.2 
4.5 
4.6 
4.9 
4.9 
4.9 
4.9 
4.6 
4.5 
4.1 
3.8 
3.35 
3:1 
2.6 
eZ 
1.9 
1.6 
1.5 
1.4 
12 
1.4 
1.4 
1.5 
1.6 
1.6 
1.6 
1.8 
1.8 
1.9 
9 
1.9 


3.8 
4.1 
43 
4.6 


a3 
5.6 
Sy 
oye) 
5c 
5.6 
5.3 
4.9 
43 
3.9 
3.1 
2s 
ZI 
1.8 
}2 
0.9 
0.8 
0.8 
0.8 
0.7 
0.8 
0.9 
1.1 
1.2 
1.4 
1.5 
1.6 
1.6 
1.6 
1.6 


3.9 
4.3 
4.9 
53 
5.6 


6.6 
6.7 
6.9 
6.9 
6.7 
6.3 
a 
4.9 
4.2 
33 
2.5 
1.8 
1.1 
0.7 
0.4 
-0.5 
-0.5 
0.4 
0.4 
0.7 
0.9 
1.1 
1.5 
1.6 
1.8 
2.1 
2.1 
22 
22 


4.3 
4.8 
a3 
a7 
6.2 
6.6 


7.4 
7.6 
7.6 
7.4 
6.9 
6.2 
5.2 
4.2 
Bil 
a 
1.1 
0.4 
0.7 
0.9 
-0.9 
-0.9 
0.7 
0.5 
0.5 
-0.4 
0.4 
0.5 
0.9 
I 
1.4 
1.5 
1.6 
1.6 
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APPENDIX G: SOURCE CODE (C++ NETWORK) 
Copyright © 1997 Jeff May 
#include <iostream.h> 
#include <fstream.h> 
#include <iomanip.h> 
#include <time.h> 
#include <math.h> 


#1nclude <stdlib.h> 


const float STEP = .1; 

const int INPUTSIZE = 1085; 
const int OUTPUTSIZE = 5; 
const int ROW = 35; 


const int COLUMN = 31; 


void displayInput (float[]); 

void display(float[]); 

void makeRandom Weights(float[][INPUTSIZE]); 

void display (float[][INPUTSIZE]); 

void mySummation(float[][INPUTSIZE], float[], float[]); 


float sigmoid(float); 


1 


void buildInput(ifstream, float[]); 

void feedForward(float{], float[][INPUTSIZE], float[], float{][INPUTSIZE], float{]); 
float computeError(float{], float{], float[]); 

void calcHiddenError(float[], float[][INPUTSIZE], float{], float{]); 


void change Weights(float[], float[], float[][INPUTSIZE], const int size); 


main () 


float weightLayer1[INPUTSIZE][INPUTSIZE] = {{0}, {0}}; 
float inputLayer2[INPUTSIZE] = {0}; 

float weightLayer2;0U TPUTSIZE][INPUTSIZE] = {{0},{0}}; 
float outputLayer[OUTPUTSIZE] = {0}; 

float t60mm[INPUTSIZE] = {0}; 

float t81mm[INPUTSIZE] = {0}; 

float tarty[INPUTSIZE] = {0}; 

float theat{ INPUTSIZE] = {0}; 

float t3_ 5in[INPUTSIZE] = {0}; 

float *ammo[OUTPUTSIZE] = {t60mm, t81mm, tarty, theat, t3_5in}; 
float output60[;OUTPUTSIZE] = {1,0,0,0,0}; 

float output8 1[OUTPUTSIZE] = {0,1,0,0,0}; 

float outputarty[OUTPUTSIZE] = {0,0,1,0,0}; 


float outputheat}{OUTPUTSIZE] = {0,0,0,1,0}; 
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float output3_S5in{[OUTPUTSIZE] = {0,0,0,0,1}; 
float *expected[OUTPUTSIZE] = {output60, output81, outputarty, outputheat, output3 Sin}; 
ifstream mortar1("60mm.dat", ios::in); 

ifstream mortar2("81mm.dat", 10s::1n); 

ifstream arty("arty.dat", 10s::in); 

ifstream heat("heat.dat", i0s::1n); 

ifstream rocket("3-5in.dat", i0s::in); 

ofstream layer] weights("data/weight1.dat", i0s::out); 
ofstream layer2weights("data/weight2.dat", ios::out); 
ofstream errorData("data/error.dat", i0s::out); 

float errorl = 0; 

float totalError = 0; 

const float ACCEPTABLE ERROR = 1.0; 

float outputError[OUTPUTSIZE] = {0}; 

float hiddenError[INPUTSIZE] = {0}; 

int counter = 0; 


ifstream *infiles[OUTPUTSIZE] = {mortarl, mortar2, arty, heat, rocket}; 


for(int m = 0; m < OUTPUTSIZE; m++) { 


buildInput(infiles[m] ,ammo[m]); 


} 


ig 


makeRandom Weights(weightLayer1); 
makeRandom Weights(weightLayer2); 
do{ 
counter = counter + 1; 
cout << "counter " << counter << endl; 
totalError = 0; 
for(int e = 0; e < OUTPUTSIZE; e++) { 
feedForward(ammo[e], weightLayer1, inputLayer2, weightLayer2, outputLayer); 
error] = computeError(outputLayer, expected[e], outputError); 
calcHiddenError(outputError, weightLayer2, inputLayer2, hiddenError); 
change Weights(outputError, inputLayer2, weightLayer2, OUTPUTSIZE); 
change Weights(hiddenError, inputLayer2, weightLayerl, INPUTSIZE); 
totalError = errorl + totalError; 
} 
cout <<"totalError " << totalError << end]; 
errorData << totalError << endl]; 
} while(totalError > ACCEPTABLE ERROR); 
errorData.close(); 
for(int r = 0; r < INPUTSIZE; r++) { 
for(int c = 0; c < INPUTSIZE; c++) { 


layerl weights << weightLayer1[r][c] <<" "; 


114 


} 


layerl weights << endl; 


j 


layer1 weights.close(); 


for(int rr = 0; rr < OUTPUTSIZE; rr++) { 
for(int cc = 0; cc < INPUTSIZE; cc++) { 
layer2weights << weightLayer2[rr][cc] <<" "; 


j 


layer2weights << endl]; 


j 


layer2weights.close(); 
return(0); 


j 


void feedForward(float inputl[], float weightI[][INPUTSIZE], float input2{], float 
weight2[][INPUTSIZE],float output[]) 


{ 


float tempSum = 0; 


mySummation(weight1, input1, input2); 
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for(int j = 0; | < INPUTSIZE; j ++){ 
tempSum = input2{j]; 
input2[j] = sigmoid(tempSum); 
} 
mySummation(weight2, input2, output); 
tempSum = 0; 
for(int 1 = 0; |< INPUTSIZE; 1 +4){ 
tempSum = output[]]; 
output[!] = sigmoid(tempSum); 
} 
cout <<"outputLayer" << endl; 


display(output); 


float sigmoid(float sum){ 


float answer = 0; 


answer = (1 / (1 + (exp (-sum)))); 


return(answer); 
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void makeRandomWeights(float Array[] [INPUTSIZE]) 
{ 
srand(time(NULL)); 
for(int r = 0; r < INPUTSIZE; r++){ 
for(int c = 0; c < INPUTSIZE; c++){ 


Array[r][c] = (1.0 *((randQ) % 3) - 1)); 


void mySummation(float weight[][INPUTSIZE], float input[], float output[]) 


t 
float temp[INPUTSIZE][INPUTSIZE]; 


int sum = 0; 


for(int r = 0; r < INPUTSIZE; r++){ 


for(int c = 0; c < INPUTSIZE; c++){ 


temp[r][c] = weight[r][c] * input[c]; 
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for(int 1 = 0; i < INPUTSIZE; i++){ 
for(int } = 0; ) < INPUTSIZE; j++){ 
sum = temp[i][j] + sum; 
} 
output[i] = sum; 


sum = 0; 


void display(float Array] |[INPUTSIZE]) 
{ 
for(int r= 0; r < INPUTSIZE; r++){ 
for(int c = 0; c < INPUTSIZE; c++){ 
cout << setw(3) << Array[r][c]; 
j 


cout << end]; 


} 


cout << endl; 
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void display(float Array[]}) 


{ 
for(int i = 0; i< OUTPUTSIZE; i++){ 
cout << Array[i] << ""; 


} 


cout << endl; 


void displayInput(float Array[]) 
{ 
int column = 0; 


int end = 0; 


for (int r = 0; r< ROW; r++){ 
end = column + COLUMN; 
for (; column < end; column++){ 
cout << Array[column] <<" '"; 
j 
cout << endl; 
} 


cout << endl; 


phy 


void buildInput(ifstream infile, float ammoArray[]) 
{ 
infile.open(); 
cout << "in build input" << endl; 
for(int 1 = 0; 1<INPUTSIZE; i++) { 
infile >> ammoArray[1]; 


} 
infile.close(); 


float computeError(float actual[], float expected[], float error[]) 
{ 
float result = 0; 
float temp = 0; 
for(int 1 = 0; 1< OUTPUTSIZE; i++) { 
error[i] = expected[i] - actual[1]; 
if(error[i] < 0) { 


temp = error[i] * -1.0; 
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else { 
temp = error[i]; 
j 


result = temp + result; 


} 


return(result); 


void calcHiddenError(float outError[], float weight2[][INPUTSIZE], float input2[], float 
hidden{]) 


t 
for(int c = 0; c < INPUTSIZE; c++) { 
fordntr — 0:1 < OUTPUTSIZE; r+) < 


hidden[c] = (outError[r] * weight2[r][c]) + hidden{c]; 


j 


for(int 1= 0; i< INPUTSIZE; i++) { 


hiddenfi] = hiddenfi] * (input2[i] * (1 - input2[1])); 
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void change Weights(float error[], float input[], float weight[][INPUTSIZE], const int ROW) 


{ 


float temp = 0; 


//cout << "in changweights" << endl; 


for(int r= 0; r< ROW; r++) { 


for(int c = 0; c < INPUTSIZE; c++) { 


temp = STEP * errorjr] * input{[c]; 


weight[r]{c] = weight[r]{c] + temp; 
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